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ABSTRACT OF THE DISSERTATION
MULTIVARIATE ANALYSIS FOR THE QUANTIFICATION OF TRANSDERMAL
VOLATILE ORGANIC COMPOUNDS IN HUMANS BY PROTON EXCHANGE
MEMBRANE FUEL CELL SYSTEM
by
Ahmed Hasnain Jalal
Florida International University, 2018
Miami, Florida
Professor Shekhar Bhansali, Major Professor
In this research, a proton exchange membrane fuel cell (PEMFC) sensor was
investigated for specific detection of volatile organic compounds (VOCs) for point-of-care
(POC) diagnosis of the physiological conditions of humans. A PEMFC is an
electrochemical transducer that converts chemical energy into electrical energy. A Redox
reaction takes place at its electrodes whereas the volatile biomolecules (e.g. ethanol) are
oxidized at the anode and ambient oxygen is reduced at the cathode. The compounds which
were the focus of this investigation were ethanol (C2H5OH) and isoflurane (C3H2ClF5O),
but theoretically, the sensor is not limited to only those VOCs given proper calibration.
Detection in biosensing, which needs to be carried out in a controlled system,
becomes complex in a multivariate environment. Major limitations of all types of
biosensors would include poor selectivity, drifting, overlapping, and degradation of
signals. Specific detection of VOCs in multi-dimensional environments is also a challenge
in fuel cell sensing. Humidity, temperature, and the presence of other analytes interfere

vii

with the functionality of the fuel cell and provide false readings. Hence, accurate and
precise quantification of VOC(s) and calibration are the major challenges when using
PEMFC biosensor.
To resolve this problem, a statistical model was derived for the calibration of
PEMFC employing multivariate analysis, such as the “Principal Component Regression
(PCR)” method for the sensing of VOC(s). PCR can correlate larger data sets and provides
an accurate fitting between a known and an unknown data set. PCR improves calibration
for multivariate conditions as compared to the overlapping signals obtained when using
linear (univariate) regression models.
Results show that this biosensor investigated has a 75% accuracy improvement over
the commercial alcohol breathalyzer used in this study when detecting ethanol. When
detecting isoflurane, this sensor has an average deviation in the steady-state response of
~14.29% from the gold-standard infrared spectroscopy system used in hospital operating
theaters.
The significance of this research lies in its versatility in dealing with the existing
challenge of the accuracy and precision of the calibration of the PEMFC sensor. Also, this
research may improve the diagnosis of several diseases through the detection of concerned
biomarkers.
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CHAPTER I
INTRODUCTION

1.1 Background
Detection of volatile organic compounds (VOCs) as biomarkers of different
diseases and disorders allows diagnosis and therapy of several ailments in real-time, noninvasively [1]. The levels of VOCs provide an understanding of one’s physiological and
pathophysiological condition. These VOCs are specific to certain diseases and can be
employed as olfactory biomarkers of metabolic, genetic, infectious, cancerous, and other
kinds of diseases [2]. Through their easy accessibility in different clinical bio-matrices,
reliable and continuous monitoring of such conditions is made possible for management of
wellness in real time. Non-invasive sensing techniques promote diagnostic management as
and when necessary.
Biological fluids, the source of hundreds of VOCs in the human body reflect the
metabolic condition of an individual [2]. VOCs based on alkyl and chlorinated
hydrocarbons, ketones, aldehydes, alcohols, aromatic compounds, furans, and esters are
found in different biofluids of humans [3]. The metabolism and kinetics of these VOCs
elucidate a window for therapeutic approaches to diagnose diseases noninvasively. Several
physiological routes are involved in their distribution through the human body [3 4]. Many
VOCs are generated by the disintegration of bio-compounds in the body [3 5]. Contrarily,
many of them enter through inhalation from environmental or industrial exposures, fuels,
insecticides, aerosol, air fresheners, cleansers, drugs, and food ingestion [6]. The
metabolism and excretion rates of VOCs vary by disease and depend on the ambient
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atmosphere as well as the physiological and pathophysiological pathways of individuals [7
8]. Classification of this variation spectrum of VOCs in any biofluid from the normal
standard can be a potential diagnostic tool for diseases, drug delivery, and detection of a
toxic substance in the human body. Therefore, the close monitoring of VOCs has been in
demand in diverse fields such as personal healthcare or safety, therapeutic monitoring,
occupational health, rehabilitation center and law enforcement agencies [9 10 11].
Various noninvasive approaches for disease diagnostics by monitoring VOCs have
garnered significant attention in the past. Early in the “Age of Pericles” (460 – 370 BC)
Hippocrates was the first to investigate the odor of volatilome in living organisms to
diagnose diseases [12]. Many years later, Wilhelm Peters (1815 -1883) discovered acetone
in breath and urine to find an “unusual apple aroma” in diabetic patients and postulated
acetone as a possible biomarker for its management [12]. The first drunkometer for breath
analysis and alcohol measurement to assess drunkenness in clinical application was
invented in mid 1900s by Rolla Harger [13]. Later, Borkenstein discovered a breathalyzer
for breath alcohol testing [14]. Until the mid-20th century, classical analytical methods
involving wet chemistry, micro-diffusion and breath analysis were popular for detecting
excreted VOCs. Gas chromatography-mass spectrometry (GC-MS) have been popular
most among others for accurate measurement of VOCs in breath analysis [15]. Most
analytical devices are not only expensive and require additional vacuum for their operation,
but lack portability and continuous measurement function. Portable photoionization
detectors (PID), flame-ionization detectors (FID) have been used for the detection of VOCs
either as the handheld device or along with a gas chromatography-mass spectrometry (GCMS) system [16]. Cross-selectivity is a major disadvantage with PID or FID, however, their
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wide detection limits make these devices viable in many applications of sensing
nonspecific VOCs.
Delayed diagnosis of several diseases and exposure of hazardous VOCs for
prolonged periods of time can be fatal [11 17]. A cost effective, user-friendly, minimally
invasive, continuous, and real-time sensing techniques to diagnose diseases can greatly
improve healthcare and personal safety management. Wearable sensors or sensor arrays
(e-noses), through precise calibration, play an alternate role in easy-to-use, fast, precise,
and continuous monitoring of specific diseases. According to the International Union of
Pure and Applied Chemistry (IUPAC), “biosensors are considered as devices that
transform biochemical information into an analytically useful signal.” [5] For timely
evaluation of one’s concerned health condition, the biosensors need [5]: i. accurate
measurement, ii. rapid assessment, and iii. selective detection. These properties of the
sensor enable a physician to accurately diagnose the specific disease and initiate required
therapy to prevent further aggravation of the disease. The phenotypic characteristics of
their excretion can be analyzed through the observation of their real-time VOC data [18].
Besides biosensing techniques, various analytical methods are used to accurately measure
VOCs in breath. However, they are not only expensive but also lack portability and
continuous assessment [19 20 21 22 23].
Biosensing techniques have prominent prospects in VOC detection on a wearable
platform. There are different sensing techniques which have been employed for the
detection of numerous VOCs, such as electrochemical, chemi-resistive, optical,
piezoelectric, and surface acoustic wave (SAW) sensors [24 25 26 27 28]. The detail
classification according to IUPAC is depicted in Figure 1-1. These sensors have been
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miniaturized by advancements in micromachining and nanotechnology [29]. Incorporation
of nanomaterials are known to influence their sensing performance and assists in a multisensing arrays platform [29 30]. The use and combination of different kinds of
nanomaterial is therefore gaining interest in the design of clinical and diagnostic tools, due
to their advantages of higher surface-to-volume ratios. Their specific forms provide faster
response and recovery times, in addition to support specific detection through suitable
alterations of their physical and chemical properties. Assisting in very-large-scale
integration manufacturing and miniaturization to enable portability, they allow integration
in point-of-care (POC) devices [31].

Biosensor

Electrochemical Thermometric

Based upon
measurement

Based upon Chemi-resistor
operation

Chem-FET
Amperometric Potentiometric Conductometic

Electro-mechanical

Electrical

Optical

Piezoelectric Surface acoustic
Electric
Surface plasmon Fiber Optic Colorimetric
wave
permittivity
resonance
sensor

Fuel cell
sensor

Figure 1-1: Classification of biosensors

Current VOC sensors in the market use mostly four measurement techniques [24
25 26 27 28]: optical, electrochemical, chemi-resistive sensors and SAW sensors. Most of
these sensors suffer from instability, non-linearity, cross-selectivity, inaccuracy at low
concentrations, and some of them are not portable [5]. Electrochemical alcohol sensors
have typically been found to be most suitable for long term sensing. Among them, fuel
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cell sensors offer simplicity, relatively high accuracy, sensitivity, long working lifetime,
scalability and portability, hence they find use in breathalyzers.
The challenge of selective detection is yet to be overcome in existing VOC sensing
approaches. This is due to the complex composition of the sampling matrices. Different
intrinsic (e.g. hysteresis, fouling effect) and extrinsic ambient parameters (e.g. humidity,
temperature) can also interfere with precise detection in a multivariate environment,
coupled with signal degradation over time [32 33 34]. Detection using multiple sensors on
the same platform improves the response through elimination of mentioned interfering
variables [34]. More detailed information on one’s physiological condition can be obtained
through integration of e-noses on a multimodal sensing (e.g. skin temperature, gyroscope,
etc.) platform [35]. Such sensing modalities provide a better understanding of one’s
physiological condition enabling accurate detection in real-time [36].
The use of sensor arrays (e-noses) and techniques entailing different pattern
recognition (unsupervised) and classification (supervised) approaches target specific VOC
detection from a multivariate environment [37]. Different pattern recognition and machine
learning approaches, such as principal component analysis (PCA), discrete factorial
analysis (DFA), and partial least squares analysis (PLS), assist in reducing the redundancy
of acquired data, aiming toward improved selectivity, specificity, and stability [38 39].
Once data are collected by multi-sensor arrays or e-noses, it goes through transformation,
a filtering process, and is fed to a genetic algorithm for searching. Further, a pre-defined
prediction model and regression method promote precise calibration in a multivariate
environment [40 41]. Such methods provide a pattern in diagnosis, through cross-validation
in different population sectors.
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In summary, this research focuses on providing a pragmatic solution for improving
the calibration of the biosensor (e.g. PEMFC sensor), in a multivariate environment, using
a multivariate analysis method.

1.2 Problem statement
Like other biosensors, fuel cell sensors are incapable of specific detection of a
single VOC in a multi-dimensional environment. This is mainly due to the proton exchange
membranes’ dependency on humidity and temperature which interfere with its
functionality. Furthermore, the presence of other analytes can well interfere providing false
readings, hindering calibration of the system in precise quantification of any volatile
compound. A minimal drift or overlap of the signals, even in the nano-Ampere range, can
cause substantial interference and provide false readings in the physiological range of any
VOC(s). Employing multivariate analysis method, such as PCA; this research improves the
calibration through reducing the redundancy and drifting and eliminates overlaps of the
signals of the fuel cell sensor. However, the limitation of this classification approach is that
it can only predict the unknown concentration based upon test data. During calibration, it
is impractical to figure out the test data for each concentration within its physiological
range.
Therefore, principal component regression (PCR) method has been employed in
this work, which estimates the specific current for any concentration of VOC. This method
can correlate larger data sets and provides an accurate fitting between a known and an
unknown data set. If the number of variables is closer to or larger than the sample size, the
accuracy of estimation is impacted. PCR establishes a relationship between the response
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variables (the concentration of VOC) and the predictor variables (current signals) to
estimate the response variables. It is a three-step calibration process: i. redundancy is
eliminated through PCA, ii. the measured variable is converted into latent variables, and
iii. multiple linear regression steps are executed between the scores of the covariates
obtained in PCA. Furthermore, this model has been employed for the determination of
unknown concentrations of specific VOCs from human subjects and has been validated by
a theoretical model and gold-standard commercial devices. The significance of this
approach lies in its versatility dealing with the existing challenge of calibration of sub-ppm
level measurement of VOCs (e.g. ethanol and isoflurane) by PEMFC sensor.

1.3 Research goal and objectives
The goal of this research is to provide a complete framework to identify an
unknown concentration of VOC from human subjects with accuracy and precision.
Considering the above-mentioned issues, the specific objectives are:
1. To determine the suitable model for accurate determination of VOC in ppm/ppb
level for PEMFC sensor;
2. To quantify the unknown concentrations by fitting the predictor variables
(current signals) in the developed model;
3. To explore the scope of this model for the measurement of VOC(s) from human
subjects in real time, continuously; and
4. To validate the results of the PEMFC sensor by comparing with the
commercial/gold standard devices.
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1.4 Dissertation organization
This dissertation is comprised of six chapters. Figure 1-2 summarizes the contents
of the next five chapters followed by this chapter (Chapter I: Introduction).

Chapter II: Literature Review

Chapter III: Proton exchange
membrane fuel cell
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fabrication and
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fuel cell sensing platform for
voc sensing in a two analyte
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•
•
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The metabolism and kinetics of VOCs
State-of-the-art technologies for VOC sensing
Prospects and challenges

• Struture of PEMFC
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•
•
•
•

Background of alchol measurement
Experimental
Results and discussion
Conclusion

•Background
•Experimental
•Results and discussion
•Conclusion

Determination of BAC from human subjects
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isoflurnae and alcohol from
human samples/subjects

Determination of isoflurane from human sweats
Determination of isoflurane from human subjects

•Summary and conclusion
•Future work
Chapter VII: Conclusion

Figure 1-2: Dissertation Organization
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CHAPTER II
LITERATURE REVIEW

This chapter provides a comprehensive literature review on the following topics:
(a) different sources of VOCs; (b) Kinetics and metabolism of VOCs in the human body; (c)
different sensing techniques of VOCs in humans; and (d) prospects and challenges of
sensing VOCs in humans. Section 2.1 discusses the sources of VOCs. Section 2.2 focuses
on the metabolism and kinetics of VOCs in humans. Section 2.3 delineates different
sensing techniques. Finally, the challenges of VOC sensing in humans in real-time and
their possible solutions have been presented in Section 2.4.

2.1 Biofluids as the source of VOCs
Recent research suggests that 1,849 VOCs have been found in different biofluids
[42]. Such biofluids include blood, interstitial fluids, breath, sweat, saliva, urine, serum,
breast- milk, tear, and feces (Figure 2-1a). Figure 2-1b shows that breath and skin are the

Figure 2-1: a. Different biofluids of VOCs in the human body [43], b. VOC
percentages in different biofluids following the data of a healthy human. [43]
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potential sources of VOCs (54% of total amount), with 15%, 14%, 11%, and 6% of them
being present in feces, saliva, urine, and blood, respectively [43]. These sources are feasible
for either invasive or noninvasive detection of VOCs for diagnosis of diseases.

2.1.1 Sources for invasive detection
2.1.1.1 Blood and plasma
Blood has been considered as a reliable matrix to characterize the physiological
condition of an individual. There are 154 different VOCs that have been discovered in
blood [3]. These VOCs are the biomarkers of many diseases and reflect the internal status
of the human body pertaining to nutritional, metabolic, and immune conditions [43]. Blood
contains different volatile compounds: typically, acetonitrile, ammonia, ethers, alkanes,
alcohols, benzyl, and phenyl hydrocarbons [3]. The metabolic and immune status of
humans can be determined by analyzing VOCs from the blood. For example, benzene and
toluene levels in blood increase due to smoking, while tri-halo-methane levels in blood are
high in swimmers with elevated levels of chloroform [44 45]. Levels above the normal for
any of these exogenous compounds can be detrimental to human health. High doses of
chloroform could lead to liver toxicity, providing a pathway for other fatal diseases with
reduced red blood cells, causing anemia and DNA breakage. Horvath et al. suggests
specific aroma(s) in blood is a suitable tool for screening different kinds of cancer or
internal disorders, like ovarian carcinoma, lung cancer, hepatic encephalopathy, etc. [46].
Plasma derived endogenous VOCs in blood have attracted researchers for early cancer
detection (e.g. gynecological, lung, etc.). Selyanchyn et al. introduced an analytical method
to assess VOCs in blood for cancer detection [47]. In their work, VOCs of blood plasma
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have differentiated between carcinogenic and benign controls precisely. Although blood
tests are more consistent than detection from other biofluids, obtaining blood samples is
arduous, inefficient, invasive and inapplicable for instantaneous POC applications.

2.1.1.2 Interstitial fluids (ISFs)
Different ISFs such as cerebrospinal fluid (CSF), peritoneal fluid, pleural fluid,
biliary fluid, synovial fluid (SF), or pericardial fluid (PCF) are also analyzed to diagnose
different diseases. The presence and analyses of VOCs in such biofluids are limited in the
literature. Liu et al. explored 76 different pleural samples and found three major groups:
ketones, alcohols and benzene derivatives dominating for cancer malignancy. Among 76
VOCs, nine of them including dichloromethane, ethyl acetate, n-heptane, ethyl-benzene,
xylene, cyclo-hexanol, cyclo-hexanone, 2-ethyl-1-hexanol, and tetra-methyl benzene are
potential compounds for screening lung cancer to differentiate malignant from benign
pleural effusions. Conditions such as tuberculosis, pneumonia, congestive heart failure and
cirrhosis are the cause of benign effusions, where 30% of malignant effusion is associated
with lung cancer [48]. VOC analysis of biliary fluid can also distinguish malignant
cholangiocarcinoma from benign biliary strictures. It can be used as a potential biomarker
for pancreas cancer by classifying the concentration spectrums of tetra-methyl acetate,
acetone, acetaldehyde, benzene, carbon disulfide, and pentane [49]. The presence of
inflammation and oxidative stress modulate the release of VOCs from SF which cause
osteoarthritis and rheumatoid arthritis. Tominaga et al. sightseen toxicological analysis for
serial forensic autopsy cases and compared PCF with peripheral blood to reassess the
postmortem distribution of ethanol and to examine the dispersal of other VOCs [50].
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However, the invasive nature of the detection mechanism from ISFs is always laborious,
expensive and inefficient for real-time detection.

2.1.2 Sources for noninvasive detection
2.1.2.1 Urinary biofluid
Urine tests are an established method to detect several diseases noninvasively. The
aqueous urinary matrix contains a small percentage of VOCs [51]. Renal activities control
the supply of endogenous and exogenous VOCs in urine. Endogenous VOCs comprise
ketones, alcohols, heterocyclic compounds, different hydrocarbons, amines, aldehydes and
organic acids [51]. Ketones are the most common VOCs that can be produced through
breakdown of fatty acid due to oxidation. Ketone levels can rise from normal due to
starvation (fasting ketosis, FK), consumption of low carb-high fat diet (nutritional ketosis,
NK) and alcohol; and prolong exercise. The raising state of NK provides energy to the
brain of epileptic patients [52]. The elevated level of ketones in urine is also a biomarker
of hyperglycemia or diabetic ketoacidosis (DKA). Inadequate ketogenesis causes
hypoglycemia whereas excessive presence of ketones leads to ketoacidosis. However,
DKA is a severe case with increasing to more than twice of ketone levels, as compared to
other states of ketosis [11]. As ketone levels depend on multiple physiological parameters
(e.g. energy stability, diet composition, physical activities and diseases), accurate diagnosis
of one’s ketone profile is critical to identify an actual physiological condition [52]. Like
ketones, other VOCs in urine are also possible biomarkers of many diseases and can
provide a certain profile for the VOC depending on dehydration, diet, liquid and drug
intake. Elevated levels of acetonitrile in urine confirms whether someone is a smoker or
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not [53]. Urinary metabolomics studies have been employed to different cancer studies,
such as breast, colorectal, esophageal cancer, pancreatic ductal adenocarcinoma, prostate
and liver cancers [54]. Analyzing four different VOCs (2, 6-dimethyl-7-octen-2-ol,
pentanal, 3-octanone, and 2-octanone), Khalid et al. demonstrated the detection of prostate
cancer [55]. Matsumura et al. demonstrated ex-vivo analysis of urinary VOCs as
biomarkers for lung cancer [56]. Arasaradnam et al. differentiated coeliac disease from
irritable bowel syndrome (IBS) and Banday et al. demonstrated a tuberculosis diagnosis by
using GC-MS [57 58]. Testing of urine in a noninvasive form of detection is reliable though
sample collections, handling, and preservation. Also, urinary analysis is cumbersome
complication. Hence, diagnosis of VOC biomarkers is technically complex from the
urinary sample, and this biofluid is not suitable for continuous monitoring.

2.1.2.2 Saliva
Saliva is known to contain 360 different kinds of exogenous and endogenous VOCs
[43]. Like breath, different food debris, drugs, xenobiotics and environmental pollutants
can affect various exogenous compounds in detecting VOCs from saliva. Active and
passive diffusion of VOCs from blood and ultrafiltration techniques are among the most
common approaches used for VOC detection in saliva [59]. 300 different bacterial species
have been explored as sources of VOCs in saliva. Major VOCs in saliva include acetic
acid, ester, acetonitrile, mercaptan, methyl sulfide, different alkanes, diene, different
aromatic compounds (e.g. benzene, toluene, xylene), polycyclic hydrocarbons (carane,
copaene, etc.), alcohols (ethanol, propanol, butanol, etc.), and aldehydes (acetaldehyde,
propanal, etc.) [3 42]. Recent research suggests salivary fluid can be a potential biofluid
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for noninvasive, continuous, and instantaneous monitoring of different diseases. Several
research groups investigated the integration of electrochemical sensors into mouth-guards
for monitoring biomarkers [60]. In contrast with other biofluids, the salivary biofluid
provides a significant amount of fluid for a greater functioning space for the placement of
the sensing unit. With an abundance of VOCs in saliva, this is one of the promising
biofluids for continuous and real-time monitoring of different diseases [60].

2.1.2.3 Skin perspiration and sweat
Human skin is the largest organ in human body and it offers long-lasting emanation
of VOCs. Costello et al. mentioned 532 different VOCs are derived from skin secretion
through diffusion of sweat [3]. Main VOCs from the skin of a healthy individual include
ammonia, carboxylic acid, alcohols, hydrocarbons, ketenes, terrenes, aldehydes, esters,
heterocyclic compounds, and volatile sulfur compounds [61]. The profiles of these VOCs
differ due to heterogeneous distribution of sweat glands beneath the skin and the
metabolism of symbiotic microbiota on the skin surface. The existing clusters of bacteria
on the skin contribute to the odor of individuals [62]. Internal excretion of VOCs through
skin, however, depends on secretion from its three major glands: i. apocrine gland, ii.
eccrine gland and iii. sebaceous gland. Osmosis plays a major role in the transmission of
VOCs through these glands and secretion through sweat. Secretion of VOCs can fluctuate
with time and change with physiological conditions. This emission pattern, as discussed,
can vary with diet, xenobiotics, drugs, psychological stress, wounds, dehydration, shock,
body temperature, age, menstrual cycle and ambient parameters (e.g. temperature, relative
humidity, and pressure) [63]. Boman et al. verified VOC transmission through skin with
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diffusion studies on different VOCs using Franz cell diffusion method [64]. Aside from
endogenous VOCs, different xenobiotics can be emitted through skin after their
metabolism in the body. For example, 1% of the overall consumption of alcohol is excreted
in a diffusive manner from the exocrine sweat gland of the skin following a specific
partition ratio (Henry’s law) [5]. Human sweat and skin perspiration are potential sources
for noninvasive medical diagnostics with their simpler sample collection process. These
also offer unique facilities of safety and continuous and real-time monitoring.

2.1.2.4 Breath
In 1971, Linus Pauling confirmed that human breath is a complex volatile mixture
of more than 250 different VOCs. Considering endogenous and exogenous VOCs, 874
types of VOCs have been found in exhaled breath [42]. Major VOCs of human breath in
healthy individuals include acetone (1.2–900 ppb), ethanol (13–1,000 ppb), methanol
(160– 2,000 ppb), isoprene (12–580 ppb), ammonia, and minor components include
pentane and higher chains of alcohols, aldehydes, and ketones [65]. Internal conditions,
environmental exposure, diet, and lifestyle (e.g. alcohol consumption) of individuals
influence the concentration ratio of VOCs in their breath, called “exposomes”. Thus, the
aroma of “exposomes” can vary from person to person. For example, smoking cigarettes
leads to high concentrations of acetonitrile and furans. Likewise, elevated levels of
isoprene are considered an indication of exertion, and enhance alveolar ventilation and
cause the isoprene level to rise 3-4 fold [22]. Similarly, an acetonic smell might be
associated with hysterical diabetes; or a pungent odor might indicate liver disease [66 67].
Similarly, elevated levels of ethane and pentane are symptoms of different chronic lung
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diseases, such as malignant pleural mesothelioma (MPM), cystic fibrosis, asthma, or
chronic obstructive pulmonary disease (COPD) [68]. Mazzatenta et al. described that the
average amount of VOCs decreases in an Alzheimer patient. Comparing with healthy
controls, it appeared the disease altered the brain metabolism due to the death of neurons
and their pathological state [69]. Detection of specific VOC from breath is a challenge, as
there is always a possibility to obtain false readings with the presence of exogenous
compounds.

2.1.2.5 Other sources
Feces, tears and breast milk are other common sources of VOCs. Fecal samples
currently constitute about 480 VOCs [43]. In feces, diverse exogenous elements are present
due to the consumption of medication and nutrients, which generate extrinsic volatile and
nonvolatile metabolites. Bacterial fermentation and microbiota are responsible for the
specific odor of feces, which results from colonic fermentation of amino acids. Along with
these, some putrefactive chemical compounds are also present, such as aliphatic amines,
ammonia, branched-chain fatty acids, short chain fatty acids, derivatives of phenol or
indole, and volatile sulfur containing compounds [43]. Different aldehydes, such as
acetaldehyde, have been produced from the dietary and microbial metabolism, which have
found relevance with colon and pancreas cancer [70]. Fecal VOCs, like those arising from
vibrio cholera, can be potential biomarkers of different gastrointestinal diseases. Similarly,
Gulber et al. recently mentioned the existence and detection mechanism of pheromone (a
cocktail of VOCs) in the ocular matrix as a biomarker of emotion and mood [71]. Pellazari
et al. studied the detection of VOC from maternal milk to reveal that 156 “purgeable”
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compounds can be studied form it as pollutants that would affect a nursing infant [72]. GCMS studies on its analyses have shown that among the different VOCs present in human
milk, 45 are odor-active constituents, comprising groups of monocyclic aromatic amines
[73], phthalate esters [74], and benzene and alkyl-benzenes [75].

2.2 Metabolism and kinetics of VOCs
The mechanism of metabolism and kinetics of VOCs in the human body is an
intricate process. The profiles of different VOCs vary based on several internal and external
factors. The advancement of analytical tools allows for the total number and classification
of VOCs in different biofluids to be better identified in the present days [42]. These VOCs
are classified into two groups: endogenous and exogenous. The generation of exogenous
VOC production follows five steps [76]: liberation, absorption, distribution, metabolism,
and excretion. Contrarily, metabolism and excretion are the key mechanisms for the
generation of endogenous VOCs. In both the cases, however, metabolism is a vital step in
production through synthesis (anabolism) or breaking down of compounds (catabolism).

2.2.1 Metabolism of VOCs
The Endogenous VOCs are produced due to regular and abnormal metabolic
processes occurring in the body. The most common reason for VOC generation is the
destruction of cells from direct or indirect oxidative stress and inflammation of the human
body [43]. Molecular oxygen is required to protect the cellular metabolism; therefore,
equilibrium of oxygen is maintained within the human body through homeostasis. As a
process of energy generation in mitochondria, 1% to 5% of oxygen molecules are reduced
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to water molecules by the cytochrome through catalyzed electron transport chain reactions.
This inter-cell energy conversion process relies on any of the following four processes [77]:
i. reactive oxygen species (ROS), ii. hydrogen peroxide formation, iii. generation of
hydroxyl radical; and iv. superoxide formation. Among them, ROS has been identified as
the chief contributors to many neurological, inflammatory, cardiovascular, and
immunological diseases, along with progression of aging [78]. The formation and
disintegration of ROS in mitochondria trends towards equilibrium, and many hydrocarbons
have been bound to the oxygen species in the process of mitochondria to cytoplasm
conversion. Molecular structures of the cell with proteins, DNA, RNA, and poly-saturated
fatty acids get affected and disintegrate due to the presence of accumulated ROS [79].
Different hydrocarbons have been generated during this process, and they may further
oxidize and produce different kinds of alcohols, aldehydes, and ketones. Different
microbials and enzymes are involved in the further metabolic processes, which therefore
generates many different VOCs. For example, alcohol is metabolized by alcohol
dehydrogenase due to three different kinds of enzymes: aldehyde dehydrogenase (ADH),
cytochrome P450 2E1 (CYP2E1) and catalase [80]; these convert the ethanol into
acetaldehyde and later into nontoxic acetic acid. Likewise, ADH enzymes enhance
metabolic activity and produce carboxylic acids through the disintegration of aldehydes.
Different VOCs are also generated from dead cells in the human body. 1, 3-di-tertbutylbenzene, 2, 6-di-tertbutyl-1, 4-benzoquinone, and n-decane were found in dead lung
cancer cells due to apoptosis and necrosis [4].
Exogenous VOCs are mainly absorbed from food and drink, which reach to the
gastro-intestinal tract, metabolized mostly in the liver and kidneys. The liver is the key
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organ that is actively involved in both catabolism and anabolism of many exogenous
VOCs, creating a route to stream blood from the intestine. Thus, VOCs in fecal samples in
the gastro-intestinal tract go through a probable transformation in the liver before being
distributed to the blood, reaching the lungs and appearing in breath. As mentioned earlier,
the liver is the bed for large varieties of enzymes, where ADH is actively involved in the
oxidation of non-polar VOCs, converting them into conjugate compounds [80]. Likewise,
it contains a large quantity of CYP2E1; and is a mixed function oxidase system, actively
involved with the transformation of xenobiotics. Nonpolar hydrocarbons are transformed
into polar alcohols/aldehydes, which convert to acids via the process.

2.2.2 Kinetics of VOCs
After metabolized in liver, VOCs are distributed through blood. The change in
VOC over time in the liver is described by the mass balance equations as follows [81]:
𝑉𝑙𝑖𝑣𝑒𝑟
𝑉𝐿𝐵𝑀

𝑑𝐶𝑙𝑖𝑣𝑒𝑟
𝑑𝑡
𝑑𝐶𝐿𝐵𝑀
𝑑𝑡

= 𝑄(𝐶𝐿𝐵𝑀 - 𝐶𝑙𝑖𝑣𝑒𝑟 ) + (𝑘𝑠 𝑉𝑠𝑡𝑜𝑚𝑎𝑐ℎ 𝐶𝑠𝑡𝑜𝑚𝑎𝑐ℎ ) −
= −𝑄(𝐶𝐿𝐵𝑀 - 𝐶𝑙𝑖𝑣𝑒𝑟 )

𝑉𝑚𝑎𝑥 𝐶𝑙𝑖𝑣𝑒𝑟
𝑘𝑚 +𝐶𝑙𝑖𝑣𝑒𝑟

(1)
(2)

where, 𝑘𝑠 𝑉𝑠𝑡𝑜𝑚𝑎𝑐ℎ 𝐶𝑠𝑡𝑜𝑚𝑎𝑐ℎ refers to the stomach emptying rate in mole/minute.
The amount of liquid compound moving out of the liver and into the lean body mass (LBM)
is governed by the difference respective to the compound’s concentrations (𝐶𝐿𝐵𝑀 and
𝐶𝑙𝑖𝑣𝑒𝑟 ) at a rate controlled by the blood flow rate, Q. According to Michaelis-Menten
kinetics, the present concentration limited by Vmax, follows enzymatic reactions
represented by the end segment in equation 1 [82]. Equation 2 describes the change in its
concentration in the LBM based on the concentration of that in the liver at a rate governed
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by the blood flow rate, Q. Apart from the liver, the kidneys and lungs play a significant
role to metabolize many VOCs. The mass balance equations (equation 1 and 2) can be
similarly applicable for both the kidneys and lungs, considering their own parameters [81
82]. The compound in the blood stream diffuses through the epidermis and stratum
corneum. Blood boundary concentrations are driven by the body VOC concentration from
the kinetic phenomenon that sets a concentration gradient through the epidermis and
stratum. The total partial pressure is [83]:
𝑑𝑃𝑡
𝑑𝑡

= 𝐷𝑒

𝛿 2 𝑃𝑒
𝑑𝑥 2

+ 𝐷𝑠

𝛿 2 𝑃𝑠

(3)

𝑑𝑥 2

where, 0 ≤ 𝑥 < 𝐿𝑒 and 𝐿𝑒 ≤ 𝑥 < 𝐿𝑒 + 𝐿𝑠 . For equations 3, 𝐷𝑒 and 𝐷𝑠 are the
molecular diffusivity, 𝐿𝑒 and 𝐿𝑠 are the thickness of the epidermis and stratum conium,
respectively.
The exogenous VOCs can also reach inside the human body through inhalation;
and limited amounts of them are absorbed through the skin. Inhalation of VOCs occurs
through regular absorption process mostly in the alveoli of lungs. The VOC molecules
diffuse through the thin capillaries and alveolar type I cells in both directions and reach
equilibrium thermodynamically [84]. The partition coefficient of blood and air (λb:a)
governs this phenomenon, and it is one of the major determinants of the pulmonary uptake
of VOCs. Rapid blood flow in the lungs creates a higher concentration gradient of uptake
VOCs, which results in rapid diffusion into blood. As per classical gas exchange theory,
the alveolar partial pressure of VOC, normalized to the mixed venous partial pressure, is
interrelated to the blood-air partition ratio (λb:a) and the ventilation to perfusion ratio
(VA/Q) as follows [85 86]:
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𝑃𝑎
𝑃𝑉

=λ

λb:a

(4)

b:a +𝑉𝐴 /𝑄

Farhi’s equation represents alveolar concentration (Ca) that is derived as follows
from equation 4 [87]:
𝐶𝑎
𝐶𝑉

=λ

1

(5)

b:a +𝑉𝐴 /𝑄

Here, 𝐶𝑉 is the mixed venous concentration. Respiratory rate and the fraction of the
molecules that exist at the alveolar tract are also the major factors of this transmission. The
higher value of the coefficient ensures greater VOC uptake during inhalation, even in an
order of 12 fold of magnitude [43]. The partition coefficient varies with respect to polarity
and solubility of VOCs in the blood with the range of 10 < λb:a < 100. Here, the partition
coefficient is λb:a < 10 for non-polar VOCs, and the highly blood-soluble polar VOCs have
the partition coefficient as λb:a ≥ 100. The partition ratio of fat to blood, λf:b is also vital in
kinetics of VOCs. These two physiochemical partition coefficients govern the balance
concentration of VOCs in breath, blood and fat. Poulin and Krishnan projected the value
of λb:a and λf:b from the known partition ratios of water-air λw:a , and octanol-water (λo:w) as
follows [79]:
λ𝑏:𝑎 = λ𝑜:𝑤 . λ𝑤:𝑎 . (𝑎 + 0.3b) + λ𝑤:𝑎 (𝑐 + 0.7𝑏)

(6)

λ𝑓:𝑎 = λ𝑜:𝑤 . λ𝑤:𝑎 . (𝐴 + 0.3B) + λ𝑤:𝑎 (𝐶 + 0.7𝐵)

(7)

where, a ≈ 0.0033 represents a portion of neutral lipids in blood, b ≈ 0.0024
represent phospholipids in blood; c ≈ 0.82 is water in blood; A ≈ 0.798 is neutral lipids in
adipose tissue (fat), B ≈ 0.002 is phospholipids in adipose tissue, and C ≈ 0.15 denotes
water in adipose tissue. As discussed earlier, these absorbed compounds are distributed to
other organs.
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2.3 Different sensing techniques for the detection of VOCs
Different analytical methods, such as GC-MS, are acclaimed for their precise and
specific detection [88]. However, performance on a miniaturization scale has yet to be
achieved. Such form factors for optical, chemi-resistive, and electrochemical approaches
have been achieved through advances in nanotechnology involving micro/nano scale
fabrication [24 25 27]. The advancement of the synthesis process cantailor the shape, size,
and assembly of different nanomaterials with extensive variation of compositions and
crystal structures, such as nanoparticles, nano-rod, nanotubes, nano-spheres, nanoflakes,
nanosheets, hollow spheres, hierarchical nano-architectures, octahedral, etc. [31 89]. The
large electroactive surface-area-to-volume-ratio of these crystals enhances the sensitivity,
and their well-defined crystal lattice leads to control catalytic reactions for stability of the
sensors [31]. The open pores and large voids of various nanostructures enhance response
and recovery time of gas sensing [18]. These crystals are typically formed by different
carbon allotropes (e.g. graphene, carbon nanotubes) and noble metals (e.g. Au, Ag, etc.) or
metal oxides (e.g. SnO2, ZnO, TiO2, WO3, In2O3, etc.) [38 90]. Among them, ZnO and
SnO2 were widely explored for biosensing for their high quantum yields, high refractive
index, wide bandgap (~ 3.37 eV), and high binding [91 92]. The conductivity of these types
of sensors can be altered through the variation of different parameters (e.g. radius, interparticle distance, di-electric constant of inter-particle medium) of nanoparticles [93]. Their
sensing performance can be further improved through tailoring their surface area in a
metal-organic-framework (MOF) [94]. Different potential VOC sensors for real-time
detection, their sensing mechanism, limitations and prospects are discussed in the
following section.
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2.3.1 Optical sensors
Optical sensing is a potential sensing method for the detection of VOCs in
healthcare and wellness management. This detection approach is preferred over other
conventional analytical techniques, different spectroscopic techniques (e.g. Surfaceenhanced Raman spectroscopy) and commercially available VOC detectors (e.g. PID,
FID), as it provides comparatively better selectivity, reversibility, fast multiplexing
features with elimination of electromagnetic interference, and portability [95]. The
detection mechanism of optical sensors relies on the following properties of the
electromagnetic waves: wavelength, phase, amplitude, intensity, and state of the
polarization [96]. Recent advancements in optical sensing tools have concentrated on
surface plasmon resonance (SPR), Bragg’s fiber, colorimetric, Fabry–Perot cavity (FPC),
and fiber optic-based sensors [97]. Plasmonic sensors have the potential for VOC sensing,
owing to their high sensitivity [98]. They were achieved by enabling the identification of
extremely small wavelength shifts in an order of 10-3 nm via noble-metal nanoparticles
extinction spectra (absorption and scattering). This minute shifting has been controlled
through the alteration of size, shape and assembly of the nanoparticles and the ambient
refractive index (RI) [99]. The working mechanism of SPR affinity VOC sensors depends
on the change of RI, formed by the capture of VOC molecules following the concentration
gradient at the thin-film surface and their interaction [100]. The sensor response is
proportionate to the alteration of binding-induced refractive index (n), where the binding
occurs within this thin film at the sensor surface of thickness (t). The relationship can be
expressed as [101],
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𝛥𝑛 =

𝑑𝑛 𝛤
𝑑𝑐 𝑡

(8)

where, (dn)/dc is the increment of RI with the concentration of analyte molecules
and Γ denotes the surface concentration in mass/area.
Cheng et al. demonstrated the reversible and highly sensitive localized surface
plasmon resonance (LSPR)-based sensor for the detection of toluene, n-octane,
chlorobenzene, pentanol, and m-xylene. In their work, Ag-nanoparticles and Aunanoshells enhanced the surface area, which promoted significant adsorption of VOCs
[102]. Chen et al. modified the thin film surface made of Ag-nanoparticles with the thiolate
self-assemble monolayer, which enhanced the VOC-selectivity and reversibility [103].
Iitani et al. demonstrated fluorescence-based fiber optic bio-sniffers for the detection of
acetaldehyde (AcH) from exhaled breath [104]. These bio-sniffers were calibrated with
two different enzyme-mediated environments: alcohol dehydrogenase (ADH) and
aldehyde dehydrogenase (ALDH), which make the sensor selective for AcH. It was
operated over a wide dynamic range from 0.02 to 10 ppm, which covered the physiological
range of breath AcH (1.2 ppm – 6 ppm) and showed rapid response (≤ 100s), as shown in
Figure 2-2a and 2-2b. In another study, it was seen that ALDH2 extensively dominates the
metabolic oxidation of AcH into acetic acid, with about 40% of Asians known to have
lower metabolic action of ALDH2 (ALDH2[−]) than the others (ALDH2[+]) [105]. The
bifurcated fiber optic bio-sniffers (Figure 2-2c) could be distinguished from ALDH2[−])
to (ALDH2[+] by 3-times greater signal, as shown in Figure 2-2d. Contrarily, Reddy et al.
developed a hybrid FPC sensor for VOC detection on a micro-fabricated chip
functionalized with µ-GC, employing a vapor-sensitive polymer on the substrate, as shown
in Figure 2-2e [106]. The sensing mechanism relies on the alteration of the refractive index
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(a)

(e)

(b)

(c)

(d)

(g)

(f)

Figure 2-2: Responses of (a) ADH-mediated and (b) ALDH-mediated fiber optic
bio-sniffer to different concentrations of AcH [104]. (c) Bifurcated fiber optic
bio-sniffers set-up to the ALDH2[+] and ALDH2[−] subjects [104], (d) Their time
course of concentration of breath AcH after drinking which is about 3-fold
difference at the concentration level [104]. (e) Cross-sectional view of the FP
sensor array (top left), Top-view of the FP sensor array (top right), Image of an
etched silicon chip containing the sensor array (bottom right), Image of 4 wells
on chip (bottom left) [106], (f) principle of the Fabry–Perot cavity (FPC) sensor
and interference pattern generated by an FP sensor and the effect of analyte
absorption absorbance properties of light [106], (g) chromatographic responses
of four FP sensors to a mixture of acetone , methanol, heptane, and toluene [106].
with the concentration of VOCs (Figure 2-2f). The presence of the VOC in the polymer
alters its thickness, which in turn changes its refractive index and shifts the wavelength to
the degree of vapor sorption (Figure 2-2g). The kinetic and quantitative information of
VOCs are obtained through the wavelength shifts inside the microfluidic channel. In the
work of Reddy et al., chromatographic responses of four FPC sensors were grating sensors,
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µ-ring resonator sensors, photonic crystal obtained (Figure 2-2g) from a mixture of acetone
(1), methanol (2), heptane (3), and toluene (4). Scholten et al. also developed an on-chip
µ-ring resonator integrated with fluidic connections and optical fiber probes for sensing
five different kinds of VOCs. Their findings revealed five different peaks, confirming the
level of sensitivities in the following order of ethylbenzene, toluene, perchloroethylene,
isopropyl alcohol and heptane, respectively [107]. Contrarily, Xiaoyi Mu mentioned a
bioluminescent bio-reporter-integrated-circuit technique for detection of breath toluene
from bioluminescent bacteria, through the translation of biochemical energy to photonic
energy. Though this method limited the target analyte to specific bacteria with very low
(10 ppb) limits of detection (LoD), its longer response time (few minutes to hours) proved
to be a hindrance to real-time monitoring [96]. Thus, the specific detection of a single
analyte on a miniaturized scale with the development of a single optical sensor is a
challenge. Therefore, Mazzone’s group demonstrated the colorimetric sensor array
combined with the prediction model to diagnose lung cancer. In their study, they collected
229 subjects’ data and diagnosed 92 individuals as carcinogenic patients with the accuracy
of 0.8 C-statistics [108]. A portable breath analyzer based on colorimetric detection that
analyzed the data, processed it and communicated the information to the user via a cell
phone for selective nitric oxide sensing in ppb-level (~ 50 ppbv) was also reportedly
devised by Prabhakar et al. [109].

2.3.2 Chemi-resistive sensors
Different monolithic metal-oxide-based chemi-resistive sensors have been
receiving attention due to their high potential for miniaturization to develop portable and
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wearable diagnostic tools. The operating principle of these sensors relies on the variation
of resistivity with the depletion layer due to redox reaction, adsorption, and surface
chemical reaction of analytes [110]. The width of the depletion layer is either reduced or
increased in the n-type metal oxide. The commonly used n-type metal oxides, namely tin
oxide (SnO2), tungsten oxide (WO3), and zinc oxide (ZnO), are widely used for VOC
sensing [111]. In the absence of VOC molecules, the presence of atmospheric oxygen
species O–, O2–, or O2– attributes electrons, which increase the depletion layer and
resistivity, and vice versa. The relationship between the reaction mechanism and electrical
signal can be expressed by the Langmuir-Hinshelwood equation as follows [112]:
𝑆(𝑡) = 𝑆𝑚𝑎𝑥

𝐶𝑣𝑜𝑐 𝐾
[1 −
1+ 𝐶𝑣𝑜𝑐 𝐾

exp( −

1+ 𝐶𝑣𝑜𝑐 𝐾
𝐾

𝑘𝑡)]

(9)

Here, Smax is the highest signal change in complete saturation, Cvoc represents the
concentration of VOC, K is defined as the adsorption constant of the target compound, and
k represents forward rate constant.
P-type (nickel oxide, cobalt oxide) and zeolite-type MOS sensors are also used in the
detection of VOCs [113 114]. Zeolite-based chemi-resistive sensors were reported for
different VOCs, such as NH3, amine, SO2, different hydrocarbons and organic molecules
[115]. The sensitivity and selectivity of any type of chemi-resistive sensor depends on the
film thickness and working temperature [110]. Song et al described a ZnO–SnO2 nanofiberbased ethanol gas sensor operating at 300 °C, providing high response, excellent linearity
in the range of 1–300 ppm, quick response time (5s) and recovery time (6s), good
reproducibility, stability, and selectivity [116]. Different metal oxide nanowires and
ferroelectric WO3 nanoparticles have been utilized for selective acetone sensing in breathsimulated media [114]. Choi et al. demonstrated a catalyst-functionalized method using
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metal nano-particles (Pt) incorporated with WO3 hemitubes for highly sensitive acetone
sensing at the operating temperature 250 - 350 °C [117]. In their work, Pt-functionalized
WO3 hemitubes exhibited superior acetone sensitivity in the presence of H2S. Righettoni
et al. also performed in-depth studies on detecting of acetone in exhaled breath using Sidoped WO3 nanoparticles (Figure 2-3a) for the diagnosing of physical conditions including
halitosis and diabetes [118]. In his work, it was clearly inferred that the nanowires’
response is greater than nanoparticles and nanoplatelets as a function of temperature for
H2S (Figure 2-3b). He also demonstrated thin-walled WO3 hemitubes made by polymeric
fiber-templating-based sensors operating at 350 °C for the diagnosis of halitosis and
diabetes, detecting H2S and acetone (~ 120 ppb), respectively (Figure 2-3c) [118].
Similarly, Fioravanti et al. demonstrated sub-ppm level acetone sensing with several metaloxide materials: several ZnO nanoparticles (ZnO bi-sphenoidal nano-aggregates, ZBP;
ZnO nanosheets, ZnS; ZnO hexagonal prisms, ZEP), aggregated ZnO nanostructures with
Zr-loaded WO3, and TiO.5SnO.5O2, where ZnO nanoparticles-based sensors exhibited
better sensitivity than others (Figure 2-3d-2-3g) [119]. Employing vanadium pentoxide
(V2O5) nanobelts, Liu et al. improved the performance of selectivity to ethanol in a
multivariate environment at relatively low temperatures (150 °C) to save the overall power
consumption [120].
However, most of these chemi-resistive sensors require a high temperature to
operate [121 122]. Moreover, semiconductor metal oxide-based sensors are more prone to
interference and contamination in VOC detection. Portable, cost-effective breathalyzers
(e.g. Figaro, Ketonix, BACtrack) are also commercially available for alcohol and acetone
detection; meanwhile, wearable chemi-resistive sensors are still a challenge. Recently,
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Figure 2-3: (a) SEM image of WO3 nanoparticles [118], (b) WO3 based sensor
response to 1000 ppm H2S for different structures as a function of temperature
[118], (c) H2S and acetone response characteristics of WO3-based sensor [110].
SEM images of (d) ZNS, (e) ZBP and (f) ZEP, (g) Acetone response
characteristics for different nanoparticles-based sensors [119]. SEM and TEM
images (h, I, j, k) of the nano-fibrous paper and schematic of nano-fibrous paperbased sensor [124], and (l) the sensor response sensitivities (ppm (M): water (−1.9
× 10−4), ethanol (−1.5 × 10−5), and acetone (−1.1 × 10−5) [124].

Tayebi et al. reported monolithic, micro-fabricated sensor arrays comprising different
metal oxides, allowing independent temperature controls and readouts for VOC sensing on
a wearable platform [123]. Though many breathalyzers are chemi-resistive-based, their
high operating temperature and power management are key obstacles to overcome for

29

design on a wearable platform [121]. Yan et al. illustrated nano-fibrous paper-based chemiresistive sensor fabricated with dendronized nanoparticles that show structurally tunable
and negative signals in presence of ethanol and acetone at room temperature (Figure 2-3h2-3i) [124]. In their work, the electrical properties of the nano-fibrous membrane matrix
with

dendronized

nanoparticles

are

harnessed

for

exploring

the

multiple

hydrophilic/hydrogen bonding sites in a 3D structural edge for sensing applications in
humidity-leading atmosphere, such as human breathing or sweating.

2.3.3 Electrochemical sensors
Electrochemical VOC sensors are considered among the most promising types of
VOC sensors for wearables today. Electrochemical sensors work on the principle of redox
reactions that target analytes undergo to produce measures, which correlate with the
concentration of the analyte [97]. These sensors can be classified as: voltammetric,
amperometric, or potentiometric. These kinds of techniques are most compatible for
wearable sensing due to the ease of fabrication and miniaturization, rapid response, high
accuracy, wide range of detection, biocompatibility, and low power consumption [110].
Portable electrochemical sensors, like breathalyzers are available for alcohols,
aldehydes, acetones, isoprene, etc. Portable Halimeter® (114 × 254 ×267 mm/3.6 kg) is
popular for VSC (volatile sulfur compounds, e.g. hydrogen sulfide, methyl mercaptan,
other thiols, and dimethyl sulfide) sensing for chronic halitosis following the
electrochemical voltammetric technique, which shows a detection limit of 5 ppb with
response time of 1s [125]. Apart from this, fuel-cell-based miniaturized and portable
alcohol breathalyzers are popular and widely used for drinking under the influence (DUI)
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(b)

(a)

(c)

(d)

Figure 2-4: (a) Tattoo-based transdermal alcohol sensor and (b) its responses
[130]. (c) schematic representation of micro-needle based chrono-amperometric
sensor and (d) its responses [131].

cases in real-time but cannot be used for continuous measurements [33 126]. Obermeier
reported integrated e-noses with three different amperometric sensors for the detection of
aldehyde, NO, and CO at sub-ppb levels for the diagnosis of lung cancer and treatment of
those succumbing to oxidative stress [127]. Electrochemical sensing techniques have also
been reported for continuous monitoring of propofolin exhaled breath of patients under
anesthesia [128]. However, miniaturization is essential for the embedded sensing device in
the continuous monitoring and POC wellness management. A significant advancement
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towards wearables for continuous monitoring of alcohol from sweat or skin perspiration
was achieved in the last few decades. Field trials of the sweat patch identified problems
with ethanol collection and storage, evaporation loss, back diffusion, and bacterial
metabolism [129]. Giner’s wrisTAS and SCRAM CAM bracelet are partially instantaneous
(5 minutes to 2 hrs. interval) alcohol monitoring devices, through skin perspiration, using
electro-chemical sensors [129 130]. These anklet and bracelet-based transdermal blood
alcohol content (BAC) monitoring devices are used in semi-real-time and a continuous
manner for preventing DUI and rehabilitation purposes. Kim et al. demonstrated integrated
wearable epidermal tattoo-based amperometric biosensors with flexible iontophoretic
sensing electrodes to improve the time in detection (Figure 2-4a– 2-4b) [130]. This new,
skin-worn, low-cost, noninvasive alcohol monitoring device enables real-time alcohol
measurements in sweat. BAC can be calculated from the following relationship [130]:
BAC (gl-1) = 0.71 x sweat ethanol concentration (gl-1)

(10)

where, r = 0.912. Mohan et al. demonstrated a micro-needle-based enzymatic
electrochemical sensor for minimally-invasive, continuous monitoring of alcohol from
interstitial fluid (ISF). Their three-electrode micro-needle sensor comprised of Pt and Ag
wires with the Pt-wire functionalized with the alcohol oxidase (AOx) enzyme and a permselective reagent layer (Figure 2-4c). The sensitivity of this sensor was known to be 0.062
nA/mM, having a correlation coefficient of 0.9886 (Figure 2-4d) [131].
An overview of sensing techniques, target VOC(s) and their availability in biofluids
are listed in table 2-1.
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Table 2-1. Comparative analysis of different sensing methods
Sensing

Target VOC (s)

Biofluid

method

Detection

Response

Limit

time

Purpose

GC-MS [132]

VSC

Breath

1 ppb

480s

Halitosis

Chemi-

VSC

Breath

10 ppb

45s

Halitosis

H2S

Breath

50 ppb

VSC

Breath

5 ppb

< 1s

Halitosis

H2S

Breath

100 ppb

18s

Halitosis

H2S

Breath

1s – 2s

Halitosis

H2S

Breath

0.3 ppm

H2S

Breath

100 ppb

resistive [133]
Chemi-

Halitosis

resistive [134]
Electrochemic
al [135]
Chemiresistive [136]
Chemiresistive [137]
Chemi-

Halitosis

resistive [138]
Chemiresistive [139]
Electrrochemi
cal (fuel cell)

8.4s –

Halitosis

11.6 s
Ethanol

Skin
perspiration

[84]
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5 ppm

5s

DUI

Chemi-

Acetone

Breath

1 ppm

Diabetes

Acetone

Breath

0.12 ppm

300s

Diabetes

Acetone

Breath

100 ppb

< 15s

Diabetes

Acetone

Breath

120 ppb

300s

Diabetes

Acetone

Breath

10 ppm

9s

Diabetes

Acetone

Breath

1 ppm

0.5s

Diabetes

Acetone

Breath

20 ppb

78s

Diabetes

Acetone

Breath

200 ppb

3s -9s

Diabetes

Acetone

Breath

120 ppb

15s

Diabetes

Acetone

Breath

50 ppb

30s

Diabetes

15 min

Occupati

resistive [140]
Chemiresistive [141]
Chemiresistive [139]
Chemiresistive [141]
Chemiresistive [142]
Chemiresistive [143]
Chemiresistive [144]
Chemiresistive [145]
Chemiresistive [146]
Chemiresistive [147]
µ-GC–MS

2-butanone,

0.04 –

[148]

methyl acetate,

0.11 ppb

toluene, m-

onal
health
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xylene, isobutyl
acetate
µGC- µCR

Benzene,

100 ppm

~ 10 min.

Occupati

[88]

heptane,

onal

toluene, methyl

health

isobutyl ketone,
butyl acetate,
m-xylene
PID [149]

Benzene

Breath

10 ppm

1.5s

Occupati
onal
health

PID [106]

benzene,

Breath

10 ppb

Occupati

toluene,

onal

ethylbenzene,

health

xylene
Fabry–Perot

acetone,

interferometer

methanol,

[150]

heptane, toluene

GC/MS [151]

pentane

GC/MS [152]

methylated

~ 25 ppb

Breath

Breath

alkane, pentane,

60 ms

10 -12

schizophr

mol/l

enia

10 -12

Breast

mol/l

cancer

formaldehyde
Tunable laser

Carbonyl

absorption

sulfide (COS)

Breath

35

30 ppb

50 ms

Liver and
lung
diseases

spectroscopy
[153]
Chemi-

Ethanol

10 ppm

4s

DUI

resistive [154]
Chemi-

Isoprene

Breath

1 ppm

65s

Flu Virus

Acetone

Breath

0.1 ppm

40 – 60s

diabetes

Propofol

Breath

2.8 – 22.5

anesthesi

ppb

a

resistive [155]
Chemiresistive [119]
GC-MS [156]

Electrochemic

Aldehydes

Breath

1 ppmv

22 s

oxidative

al fuel cell

stress/

[127]

cancer

Electrochemic

Alcohol

al (micro-

Interstitial

5 mM

30s

DUI

52 ppm

7.5 min

DUI

fluid

needle) [131]
Electrochemic

Ethanol

Sweat

al (tattoo)
[130]

2.4 Challenges and solutions for precise detection of VOCs in real-time

Clinical diagnosis of VOCs faced several challenges associated with the detection
of ultra-low concentrations of target molecules in a collective, complex multivariate
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environment. The development of continuous monitoring of VOC sensors faces several
challenges in many respects, mostly from the following major fronts: i. standardizing
sensors’ calibration, ii. development of wearable devices, iii. complexities of metabolism
and VOCs’ kinetics in a multi-analyte system, and iv. inter/intra- person variability of
VOCs’ profiles in such varied environments. Human anatomy and physiology is identical,
therefore, the standardization of a generic sensing device for a specific VOC detection is
critical. For the same person, the pharmacokinetics and kinetics of different VOCs can
differ from time to time, depending on diet, drug consumption, body temperature, ambient
environment and physiological condition. Moreover, most sensors are influenced by the
fluctuation of these ambient parameters and exogenous compounds that generate false
positive readings [33 130 157]. The performance of a sensor degrades with time due to the
aging effect, contamination, the corrosion of materials and the alteration of internal
properties due to chemical or physical variables (e.g. temperature, humidity, pressure, etc.)
[33 113 130]. Different sensing parameters, such as reliability, sensitivity, selectivity,
stability and reversibility are crucial in implementing the design of the sensor in the
wearable platform. The major challenges and their possible solutions on major parameters
of different VOC sensing in humans are described below.

2.4.1 Sensitivity
The precise detection of low concentration is always a challenge in VOC sensing.
Different analytical techniques are widely used in breath analysis to trace sub-ppm
concentrations of VOCs [4 6 158]. Solid-state chemi-resistive, optical and electrochemical
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sensors have also attracted attention in VOC detection due to their miniaturization and
portability, higher sensitivity, and detection limit. The sensitivity of the sensor can be
measured as in Equation 11 below:
𝑆=

𝑅𝑎𝑖𝑟 −𝑅𝑔𝑎𝑠
𝑅𝑎𝑖𝑟

x 100

(11)

where, Rair and Rgas are the sensor resistances in normal air and under gas. Bur et
al. improved sensitivity trough platinum gate gas-sensitive SiC field-effect transistor (SiCFET), having a detection limit of ~1 ppb for benzene and naphthalene and ~10 ppb for
formaldehyde in humid atmospheres [159]. Barsen et al. developed screen-printed ceramic
MOS sensors, which achieved detection limits as low as at sub-ppb levels, utilizing the
recognized grain-boundary effect [160]. Different amplification protocols that target
recycling and the proper selection of transducers have also been seen to improve the
sensitivity and detection limit. The use of nanoparticles in different forms, such as
nanowires, nanoflakes, nanorods, nanofibers, nanotubes, nano-spheres, and other
nanostructures, reportedly improve the sensitivity manifold in VOC sensors by increasing
the surface area. Modifying the nanoparticles and pore size in the synthesis of nanocubes
and nanorods of SnO2, Kida’s group improved the sensitivity to 5 orders of magnitude in
response to 100 ppm of ethanol on an optical sensing film [161]. Recently, Marques and
McKnight referred to the sensitivity of alcohol monitoring devices (SCRAM for
transdermal alcohol content) which were 65.3% and 86.5% for 0.02 g/dL and 0.08 g/dL
concentrations, respectively [162].
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2.4.2 Selectivity
Cross-selectivity of sensors in a multivariate system is a prime concern in the
detection of biomarkers. Non-specific detection of the existing sensors can generate false
positive errors during measurements, from interactions with interfering compounds [130
157]. For example, anbesol, containing benzyl alcohol, is an anesthetic oral pain relief gel
used to treat toothaches and canker sores that can yield a positive BAC reading. To improve
the selectivity of the VOC sensors, different approaches can be employed. Selective
catalysts or nanoparticles can improve the signal-to-noise-ratio in the detection of the target
VOC [163 164]. In some cases, the size, shape and phase composition of the nanoparticles
play a role in differentiating different VOCs [165]. Pure and Si-doped WO3 nanoparticles
based on chemi-resistive sensors allow the detection of acetone in ppb levels of
concentration (~ 20 ppb), with a high signal-to-noise ratio [118]. It was found that Sidoping increases and stabilizes the acetone-selective ε-WO3 phase, while increasing its
thermal stability and sensing performance. Zhang et al. mentioned Ag-doped In2O3activated sensors for the selective detection of alcohol in presence of acetone,
formaldehyde, ammonia, and H2 at low temperatures [166]. Cr2O3 nanoparticle-based
chemi-resistive sensors are also known to have shown a better response to NH3 in the
presence of other VOCs of higher concentrations at room temperature [111]. Doping of
specific metal molecules in various metal oxides improves the selective detection of some
VOCs [114]. Lanthanum-doped nano-crystalline thin-film of LaFeO3 demonstrated
excellent selectivity and stability for the detection of ethanol in the transdermal range
[167].
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Polarity is another important factor that plays a role in VOC sensing, while polar
and non-polar VOCs are selective to specific catalyst materials. The catalyst sensing
element itself or the thin film of functionalized nanostructures on the sensing element can
easily react with the polar compound through charge transfer and avoid reactions with nonpolar VOCs [168]. For example, a thin layer of self-assembled polycyclic aromatic
hydrocarbon (PAH) covering RN-CNT chemi-resistive films could discriminate between
polar and non-polar VOCs in a controlled environment. Using pulsed laser deposition
(PLD), morphology of highly porous sensing layers has been known to contribute towards
enhanced the selective detection of naphthalene [169]. Secondly, a different dynamic
approach can improve the selectivity of VOC sensors. For example, temperature-cycled
operation (TCO) is accepted as a vigorous and adaptable technique, especially in chemiresistive sensors where a certain temperature window is dedicated for specific types of
compounds [170]. In a mixture of carbon monoxide, hydrogen and selective sorbent
material (e.g., Tenax®, Car bopack X, Carboxen) is known to have the ability to entrap
specific VOCs through thermal desorption (TD). Although the mentioned approaches
improve selectivity, the detection of a specific compound from a multi-analyte system
requires more robust techniques.
Recently, data mining and pattern recognition techniques have become popular and
established tools to interpret datasets from a multidimensional environment, with precise
measurement and classification of the volatile compound being measured. For precise
calibration, the system needs to have multiple wearable “e-noses.” Therefore, large and
diverse data sets can be acquired based on diurnal activities and performances of the
wearer. After acquiring the raw data from multiple input systems, it needs to be processed
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using machine learning or deep learning tools. These tools are suitable to train the
algorithms on dependent and independent variables and provide a desired estimation for a
precise calibration model for individual VOCs [171]. Different machine learning tools [172
173 174 175], such as PCA, canonic discriminant analysis (CDA), independent component
analysis (ICA), DFA, PLS, artificial neural networks (ANNs), support vector machine
(SVM) and hierarchical cluster analysis (HCA), have been reported to be adopted for
specific VOC detection [21 22 23]. However, once a method of prediction has been
established, the predictive accuracy is obtained through cross-validation of all the data sets.
The prediction model improves the correlation of the data sets and infers a pattern, whereas
the regression technique provides a specific concentration of the unknown value of future
data streams in real-time through fitting with this pattern [ 40 176]. Mazzone’s group
(Cleveland Clinic) demonstrated a chemi-resistive sensor array for the detection of lung
cancer from exhaled breath [177]. They applied PCA and CDA techniques for the
classification of malignancy and benignity of lung cells, and SVM was employed to
generate a prediction model from the data. Their sensors demonstrated a sensitivity of
71.4% and high specificity (91.9%) for lung cancer diagnosis. Similarly, Kim et al. studied
WO3-based (or its alloy) sensor arrays to understand the selectivity of acetone in the
presence of H2S, H2, CO, ethanol and toluene (Figure 2-5a). In his study, they showed how
mixture of the VOCs could be selectively detected without interference employing PCA
(Figure 2-5b) [22]. They also showed how overlapped signals of healthy breath and
halitosis breath could be differentiated using PCA (Figure 2-5c). Saidi et al. applied the
PCA method for the classification of Chronic Kidney Disease (CKD), diabetes mellitus
(DM), Healthy Subjects with High Creatinine (HSHC) and Healthy Subjects with low
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(b)

(a)

(c)

(e)

(d)

(f)

(g)

Before calibration

After calibration
Before calibration

(i)

(h)

Before calibration

After calibration

After calibration

Figure 2-5: (a) The application of PCA for multiple biomarkers’ classification
[22], (b) The classification of their mixtures using PCA [22], (c) Classification
between simulated halitosis breath and healthy human breath [22], (d) Radar
plots of four breath samples expressed as the area under conductance of
temporal responses gathered from e-nose for CKD and DM patients and healthy
subjects [23], (e) The PCA model built using the first set of measurements, fitting
the second data set onto the clusters [23], (f) The PLS prediction model for
creatinine content in the urine [23], (g) TGS2602 responses with 120 samples
measured before and after calibration, performance of predicted concentrations
on test samples (before and after calibration): (h) formaldehyde, and (i) benzene
[190].
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Creatinine (HSLC) [23]. The radar plot is derived from e-nose responses, which
demonstrated a significant distinction between the four different patterns, as shown in
Figure 5d. The PCA and SVMs’ results also presented a clear classification among the four
groups. Moreover, this classification was further validated by analyzing 48 different
samples from 8 new volunteers, which coordinated with the PCA model (Figure 2-5e).
They also demonstrated the PLS model, which shows a significant correlation of 0.91
between the e-noses’ results, as shown in Figure 2-5f [23]. Similarly, M. Philip et al.
applied the Fuzzy logic model for the prediction of breast cancer with improved accuracy
to their previously mentioned findings [178]. These studies reveal the prospects of machine
learning toward the in-situ detection of specific VOC in a multi-analyte system.

2.4.3 Stability
The stability and shelf life of any VOC sensors are crucial parameters to consider
when designing a sensor for POC application. These features affect a sensor’s reliability;
and any false readings can be generated because of its instability. Multiple parameters, like
relative humidity or temperature, and operational conditions (e.g. applied voltage) can
change the sensor’s properties (e.g. impedance) in real-time. Hence, most of the VOC
sensors require manual calibration or additional controlling equipment during
measurements. However, wearable sensors are concerned with detection at sub-ppm or ppb
levels in real-time. In an environment where humidity, pressure, and temperature change
erratically, a minute’s change of humidity, pressure or temperature can cause significant
variation in the signals that affect the calibration of a sensor. Potyrailo et al. established
humidity and temperature as factors that can affect the calibration of methanol and ethanol

43

in detection [179]. Similarly, the signals of a fuel cell sensor directly depend on humidity
and temperature [33]. Additionally, other intrinsic or extrinsic properties of the sensors,
such as structure alteration, phase conversion, poisoning, degradation, bulk diffusion or
interference, may cause shifts in the baseline signal of the sensor with time [180].
Moreover, continuous exposure of any VOCs may instigate fouling effects, chemical
alteration, and hysteresis (irreversible) nonspecific adsorption on the sensor surface [181].
Different approaches were considered to improve the stability. Deng et al.
demonstrated improvements in the stability of thermodynamic properties of known
unstable sensing materials (molecularly imprinted polymer, MIP) for the Quartz Tuning
Fork (QTF) sensor [182]. This has been reported through the modification of MIP by
mixing polystyrene. Their study showed the adsorption response increased with rising
temperature for a new sensor, while it is vice-versa for an aged one. Their thermodynamic
analysis on the calibrated data for VOC (e.g. o-xylene) demonstrated that a conversion
takes place from endothermic to exothermic reaction through the alteration of MIP, which
improves its stability and aging effect. Contrarily, different thermally stable metal oxides,
such as ZnO, SnO2, TiO2, WO3, In2O3, TeO2, and Co3O4, formed thin film nanostructures
in SAW sensors to improve thermal stability through controlling chemisorption or redox
reaction of the target VOCs at certain elevated temperatures. This temperature-dependent
property also enhances sensitivity and selectivity for specific VOCs [26]. However,
Nguyen mentioned TinO2n−1 as a good catalyst to improve the stability of the ethanol fuel
cell sensor [183]. Similarly, Pt is widely used as a catalyst in fuel-cell sensing due to its
high resistivity to corrosion, allowing a stable electrical response [184]. A multi-varied
sensing platform integrated with different e-noses can potentially improve selectivity and

44

reliability through various tools, as mentioned earlier. This sensing platform acquires a
multidimensional signature from diverse transducers collectively, in which data are
collected and processed using machine learning tools and pattern generation [185 186 187
188 189]. Zhang et al. explored global affine transformation (GAT) and the Kennard–
Stone sequential algorithm (KSS) model for the calibration of SnO2 based e-noses for
formaldehyde and benzene sensing (Figure 2-5g – 2-5i) [190]. The pattern matching relies
on affine transformation, which can be extracted from the robust weighted least square
(RWLS) algorithm and the Euclidean distance (dz) of the samples in the subspace. To
evaluate the performance, the root mean square error of prediction (RMSEP) and mean
absolute relative error of prediction (MAREP) were calculated from equations 12 and 13,
as follows:
1

2
𝑅𝑀𝑆𝐸𝑃 = √𝑛 ∑𝑁
𝑛=1(𝜑𝑛 − 𝑇𝑛 )

(12)

1

𝑀𝐴𝑅𝐸𝑃 = √𝑛 |∑𝑁
𝑛=1(𝜑𝑛 − 𝑇𝑛 )|

(13)

where 𝜑𝑛 and 𝑇𝑛 denote the projected and real concentration samples for the nth
variable, respectively. The applied algorithm eliminates the drifting effect and noise. Thus,
any drift in response and interference issues can be minimized with desired quantification,
considering known parameters affect the response.

2.5 Conclusion
VOCs as biomarkers provide a potential pathway for the simple, direct, and
effective monitoring of certain health conditions, as discussed. However, challenges facing
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the field of wearable VOC detection were addressed in the reliable calibration of a single
biosensor. The sensitivity of the VOC sensors can improve significantly through the
advancement of nanotechnology. However, specific detection by a single sensor from a
multivariate surrounding is yet to be overcome in precise, accurate sensing for wearable
applications. Most breathalyzer-based devices show 20% - 40% error, which makes these
devices inefficient. G. Simpson mentioned that 90% of this ambiguity is due to the
biological variables of the subject, and at least 23% of subjects will have their actual BAC
overestimated [191]. However, the advancement of nanotechnology and micromachining
promote the integration of multiple sensing modalities on a single platform. The integration
of e-noses in a multimodal sensing platform through sensor-fusion have helped to do away
with certain issues of selectivity in the specific diagnosis of a physiological condition of
an individual. Pattern recognition and machine learning or deep learning tools have been
being employed in multimodal sensing approaches via e-noses for precision and accuracy,
as aforementioned. Such prospects provide pathways for the noninvasive detection of
VOCs as biomarkers on a wearable platform for POC continuous monitoring and personal
health management in real-time.
In summary, this chapter presented a comprehensive literature review on sensing
VOCs as biomarkers in humans. The potential sources of different VOCs for POC
diagnosis in real-time were explored. Different sensing techniques and their challenges
were elucidated. The probable solutions to resolve these challenges were delineated at the
end of this chapter.
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CHAPTER III
PROTON EXCHANGE MEMBRANE (PEM) FUEL CELL SENSOR, ITS
FABRICATION AND CHARACTERIZATION

A proton exchange membrane fuel cell (PEMFC) has a multitude of applications,
such as power generation, for transportation and stationary systems, such as powered
vehicles, uninterruptible power supply (UPS), and mobile phone station and sensing of
volatile compounds (e.g. ethanol, methanol, CO etc.). For the application of sensing, a fuel
cell sensor needs to provide stable and interference-free signals with accurate and precise
calibration. In this chapter, the first section presents the working mechanism of a PEM fuel
cell sensor and the reasoning for the selection of nickel as a catalyst material. The final
section discusses the fabrication process of nickel and monel (nickel alloy) catalysts-based
fuel cell sensors.

3.1 Polymer electrolyte membrane fuel cell (PEMFC) structure
The polymer electrolyte membrane (PEM) fuel cell, also termed proton exchange
membrane fuel cell, employs a proton-conducting polymer membrane as an
electrolyte. Fundamentally, the typical structure of a PEMFC consists of seven elements,
as shown in Figure 3-1: [192]: i. feeding channels, ii. the diffusion layer, iii. the catalytic
layer in the anode; iv. proton-conducting membrane; v. the catalytic layer in the cathode,
vi. the diffusion layer, and vii. feeding channels in the cathode. The PEMFC combines in
a unit, where the electrodes and the electrolytes are assembled in a very compact form. In

47

Figure 3-1: Three-dimensional schematic diagram of a fuel cell [192]
this structure, membrane electrode assembly (MEA) is the core part, where the membrane
is sandwiched between the catalytic layers of anode and cathode. In figure 3-1, it is evident
that fuel (here H2) is oxidized at anode and oxygen (O2) is reduced at cathode through the
diffusion layers. Typically, feeding channels are essential parts for power generation,
which are absent in sensing application.

3.2 PEM fuel cell for VOC sensing
The fuel cell sensor has high specificity, accuracy, calibration stability and a long
working life compared to other kinds of sensors. However, different biosensors suffer from
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high interference due to humidity, and they cannot be applied for continuous monitoring.
For example, the ethanol sensor is widely used for the breathalyzer. These breathalyzers
cannot be used for the continuous monitoring of ethanol for DUI offenders or for measuring
blood alcohol concentration (BAC) through transdermal diffusion. The literature survey
shows that there are a few reports for continuously monitoring alcohol through transdermal
diffusion or perspiration with accuracy and precision. The present noninvasive way to
measure the BAC is to measure the alcohol content in the breath. There are a few wearable
continuous monitoring devices available because the pharmacokinetics of alcohol is
complex due to the intricate nature of its distribution into the various tissues in the body.
In detail, alcohol kinetics is dependent on absorption from the intestines into the blood,
then elimination from the blood via the metabolism in the liver, and transportation into
tissues via diffusion. This balance between absorption and the elimination of alcohol is
reflected in the BAC. After a drink, the BAC rises until absorption is complete. After a
maximum in the BAC is achieved, the BAC decreases during the elimination phase
primarily due to the metabolism in the liver [5]. Therefore, the assumption that the supradermal ethanol concentration is the same as that of the BAC will lead to false positive or
false negative results. Moreover, the noninvasive and continuous monitoring of alcohol
sensors suffers from humidity or other interference in operations in a multivariate
environment, and shows false readings. These issues can be overcome by continually
monitoring the concentration curves and standardizing with the BAC.
In this research, a fuel cell-based sensor was constructed from different catalyst
materials, such as stainless steel, nickel, and copper.
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3.3 Fabrication of a fuel cell sensor
3.3.1. Materials and apparatus
A micro-perforated, stainless steel sheet (thickness 200 µm, 180 µm pore size) from
the Advanced Materials Engineering Research Institute (AMERI) at Florida International
University was used as the material for the electrodes. Copper, lead, and nickel sheets were
purchased from McMaster-Carr and used for electro-deposition. Nafion424 reinforced with
poly-tetrafluoro-ethylene (PTFE) as a PEM, 95% sulfuric acid, 37% hydrochloric acid,
boric acid, copper sulphate, nickel chloride anhydrous, and nickel sulphamate were
purchased from Sigma-Aldrich; these were utilized for the copper and nickel electroplating
of stainless steel. Acetone and ethanol (95.27%) were purchased from Fisher Scientific Inc.
The aqueous solutions were prepared with de-ionized (DI) water.
A hydraulic hot press (model 2100 from PHI) was used to prepare the
sandwiched structure of the fuel cell sensor. For the electrochemical experiments, two
potentiostat were utilized: CHI 1230B having MC470 and Autolab PGSTAT30. A 3D
printer (model: Replicator2 from Makerbot) was employed for the chamber design of the
experiments. A Bruker D5000 X-ray diffractometer from Siemens (presently Bruker) was
used for the characterization of various catalysts.

3.3.2 Design and construction of the fuel cell sensor
The dimensions of the working (anode), counter (cathode), and reference
electrodes were 1.5 cm x 0.8 cm, 1.5 cm x 1 cm and 1.5 cm x 0.2 cm, respectively (shown
in Figure 3.2a). Since the counter electrode is the primary current collector, the overall
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(a)
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Figure 3-2: (a) Design of the PEM fuel cell; (b) SEM image of a stainless steel
micro-perforated sheet, spots 1, 2 and 3 are the points for EDX measurement; (c)
EDX spectrum of the stainless steel micro-perforated sheet; and Cyclic
voltammogram of fuel cell type sensor containing Nafion membrane sandwiched
between stainless steel electrodes. The scan rate was 0.02 Vs-1. The CV was
measured in the absence of ethanol and humidity.
dimensions of the counter electrode were designed to be substantially larger than the
working and reference electrodes. In contrast, the dimensions of the reference electrode
were designed to contain the smallest surface area. The electrolyte membrane, Nafion (1.5
cm x 1 cm) was sandwiched between the electrodes to form the MEA, which was
assembled in a 3D-printed chamber. In the two electrode micro-fuel cell sensor, the anode
was positioned on the PEM and the cathode was on the opposite facet, which was made of
PTFE. The three-electrode fuel cell sensor followed the same structure as the two-electrode
system, except that it had a reference electrode, which was placed near (1 mm) the counter
electrode on the same PTFE facet. The sandwich structure of MEA was made by hot
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pressing it at 75 ˚C and 2500 psi for 10 min. Before experiments, a constant relative
humidity was maintained for each sensor by treating the sensors in the humidity chamber
for 30 min at 24 ˚C.
Contrary to a traditional fuel cell two-electrode system, a three-electrode one was
developed to monitor the signals in these studies. The three-electrode system is more
advantageous than the two-electrode system. For example, the electrochemical potential
measurement in the two-electrode system (anode and cathode) shows the full cell reaction
potential, whereas when using the three-electrode system, the half-cell potential can be
measured. In these studies, the three-electrode system was constructed in such a way that
working and reference were nearer to each other (Figure 3-2a). This design facilitates
monitoring the anodic reaction of the fuel cell sensor. The importance of the design and
the electrochemical reactions of the fuel cell-type ethanol sensor will be described in the
later sections.
The stainless-steel material (from AMERI lab) used for the fuel cell-type sensor
construction was characterized using scanning electron microscope (SEM) and Energydispersive X-ray (EDX) spectroscopy. The pores were of uniform size, with the diameter
of 180 µm, with the inter space distance of 100 µm (Figure 3-2 b). For EDX studies, the
electron beam was targeted on the three spots, as marked in Figure 3-2a. The obtained EDX
spectra (Figure 3-2c) show that the concentration of the iron was higher than all the
elements present. This high concentration of iron with chromium, nickel, manganese and
molybdenum represents stainless steel alloy. The weight percent calculation from the EDX
data is given in Table 3-1. Comparing the composition of the materials in Table 3-1 with
the literature proves that the stainless steel used in this work was the SS-304 type
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Table 3-1. EDX spectrum analysis weight% data of micro-perforated stainlesssteel sheet used in fuel cell type ethanol sensor.
C

Cr

Mn

Fe

Ni

Mo

W

Spot 1

9.15

15.53

1.88

63.00

8.58

1.52

0.34

Spot 2

9.28

15.70

1.67

63.39

8.44

1.51

0.00

Spot 3

10.68

15.38

1.73

61.51

8.87

1.82

C Carbon; Cr Chromium; Mn Manganese; Fe Iron; Ni Nickel; Mo Molybdenum; W Tungsten.

[193]. The carbon content listed in Table 3-1 is high compared to the composition in the
stainless steel because it is hard to eliminate the carbon contamination surface of the
analyzed sample. Similarly, tungsten impurity was noticed in the results, however it exists
in a negligible amount. Even though the SS-304 type stainless steel was used as an example
for these studies, the other stainless-steel alloys, metals, and carbon materials modified
with nanomaterials can be used for the fuel cell-type ethanol sensor construction.
The electrochemical activity of the fuel cell-type sensor was measured using the
cyclic voltammogram (CV) technique, as given in Figure 3-2d. The iron present in the
electrodes showed a redox property during CV measurements. The CV measurements were
carried out in the potential range of -0.4 to 0.4 V at the scan rate of 0.02 Vs-1. In the CV
(Figure 3-2d), the anodic peak potential of Fe2+ oxidation (Epa) is at the same potential of
the cathodic peak potential of Fe3+ reduction at formal potential E0 = 0, where the peak
separation ΔE = 0. This result indicates the reaction is a highly surface-confined process,
which proves: (i) the presence of iron on the electrode surface and (ii) the electrodes are
electrochemically active and suitable for fuel cell-type sensor construction.
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3.3.3 Electrode preparation
Three kinds of catalysts (stainless steel, copper, and nickel) were studied for ethanol
sensing, where stainless steel was always the base metal. For copper and nickel studies,
they were electroplated on the stainless steel. Before electroplating the porous metal sheet,
it was cleaned thoroughly with a detergent, deionized (DI) water, and acetone in an
ultrasound bath for 5 min. Then, the sheet was anodically electro-cleaned by placing the
lead cathode in 25% H2SO4 for 5 min. below room temperature, with a current density of
13.94 Am-2. After a thorough wash in DI-water, the stainless-steel sheet was cleaned at
room temperature for 45s with a solution of HCl, H2SO4 and DI-water with a volumetric
ratio of 1:10:1000. Afterward, to improve the metal-metal adhesion, “Wood’s Nickel
Strike” [194 195] was performed to deposit a thin layer of nickel or copper onto the
stainless-steel sheet. For nickel electroplating, “Watt’s deposition method” was employed
at 50 ˚C and a 0.2 A and 2 V rating [195]. The electrolyte for Wood’s nickel strike includes
HCl and anhydrous nickel chloride. The electrolyte for Watt’s deposition method includes
nickel sulfamate, nickel chloride, and boric acid. The nickel-deposited sheets were rinsed
in DI-water and baked at 190 ˚C for 2h. For copper electroplating copper sulphate solution
was employed for the copper deposition. Copper electroplated sheets were air dried at room
temperature.

3.3.4 Characterization of the electrodes
X-ray diffraction (XRD) analysis was used to understand the fingerprint
characterization and the phase identification of the crystalline structure of the catalysts on

54

1400

3500

(b)

Iron

1200

(220)
1000

800

2300

1700

1100

400

500
30

50

70

90

(c)

(200)

2900

600

10

30000

Nickel

(111)

In tensity in Count (s-1)

(111)

In tensity in Count (s-1)

Intensity in Count (s-1)

(a)

(220)

Copper

(220)

24000

18000

12000

6000

(111)

(200)

0

10

30

50
Angle (Ө)

Angle (Ө)

70

90

10

30

50

70

90

Angle (Ө)

Figure 3-3: XRD profile of (a) stainless steel, (b) nickel and (c) copper
the electrode [193 196 197]. As shown in Figures 3-3a-3-3c, for stainless steel, two strong
peaks were observed at the angles of 43.62˚ and 74.64˚. These two peaks represent SS
(111) and SS (220) structures, respectively. A small peak was also found at 50.48˚. From
the miller indices, it was assured that the stainless-steel sample represents the SS-304 type
[193], and its structure is in a single-phase face-centered cubic (FCC) pattern. For the
nickel sample, three strong peaks were obtained at 44.5˚, 51.78˚, and 78.7˚, which
correspond to Ni (111), Ni (200), and Ni (220), respectively [196]. This result confirms
that the electroplating of nickel was well crystalline. For copper sample, the peaks were
found at 43.38˚, 50.54˚, and 74.14˚, which correspond to the Bragg reflections of Cu (111),
Cu (200), and Cu (220), respectively. Comparing this data with the Joint Committee on
Powder Diffraction Standards (JSPDS) data sheet confirmed that the specimen is facecentered cubic (FCC) copper crystalline [197].

3.3.5 Nickel as a catalyst for ethanol sensing
The performance of three different sensors made of copper, stainless steel and
nickel was evaluated by the amperometric response (Figure 3-4a – 3-4c). The setup
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includes the fuel cell sensor in a chamber where 10 μl of 15.8 M pure ethanol was applied
on the 0.2 cm2 opening of the working electrode. Hence, the contact area remained the
same for all three sensors. The counter electrode had an opening for the oxygen reduction
reaction. All the sensors showed an ethanol response within 2s. However, the steady-state
signals were achieved after 700s by the stainless-steel sensor and 2s by nickel. Though
copper showed a good current response (20 μA) initially, there was no steady-state
response. This instability of the copper can be attributed to the quick and irreversible
oxidation reaction of the copper on the cathode. The steady-state current obtained from
stainless steel and nickel sensors were 0.2 μA and 60 μA, respectively. The amperometric
results revealed that nickel provided a 300 times higher current than the stainless steel
(Figure 3-4). Moreover, nickel showed a more stable response among these three catalysts,
whereas copper showed poor stability. Therefore, for the following studies, nickel was
selected as the catalyst material.
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Figure 3-4: Amperometric responses for the 15.8M pure ethanol for various
catalysts: (a) stainless steel, (b) nickel and (c) copper
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3.4 Fabrication of the Monel-based fuel cell sensor
3.4.1 Materials and apparatus
Monel (Nickel 400 containing minimum 63% Nickel and 28% Copper) wire mesh
from TWP Inc. has been employed as the electrode material. Its noncorrosive nature
prevents oxidation and provides signal stability compared with pure copper or nickel. Laser
cutting of the Monel sheet was executed at SBC Industries in Miami to provide specific
shapes and dimensions of the all electrodes. Nafion perfluorinated 424, reinforced with
PTFE fibers (thickness 0.03 cm), from Sigma Aldrich was used as proton exchange
membrane (PEM).

3.4.2 Design and fabrication of the micro fuel cell
The dimensions of the working electrode (WE), counter electrode (CE), and reference
electrode (RE) (1 cm x 1 cm x 0.025 cm) of the micro-fuel cell were considered,
respectively (the cross-sectional and top views are shown in figure 3-5a). The electrolyte
membrane, Nafion (2 cm x 1 cm x 0.02 cm), was sandwiched between the electrodes to
form the MEA. The overall area of the CE electrode was designed to be substantially larger
than the WE and RE, as mentioned earlier. In contrast, the area of the RE was designed to
contain the smallest surface area, and it was placed maintaining a specific distance from
the CE on the same side of the membrane. This distance (L= 0.55 cm) was kept greater
than three times (𝐿/δ > 3) the membrane thickness (δ = 0.02 cm) to avoid the
asymmetrical current distribution and potential variation on WE due to the edging effect
[198]. The WE was placed on the opposite side of the CE in such a way that the maximum
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area of the WE overlapped with that of CE. The Monel sheet was cut according to the
design that was created at SolidWorks CAD with a tool, as shown in Figure 3-5b. After
laser cutting, the micro-porous wire mesh of Monel was cleaned thoroughly with detergent,
DI water, and isopropanol (IPA) in an ultrasound bath for 5 min.
An aluminum mold was designed using the SolidWorks CAD tool for hot pressing,
shown in Figure 3-5c and 3-5d. The mold was designed in the 7x6 matrix so that 42 PEMFC
sensors could be fabricated simultaneously. The sandwich structure of the three-electrode
fuel cell was achieved by placing the strips of the Monel electrode pieces (Figure 3-5b)
with the membrane inside the mold according to design. Subsequently, the MEA was hot
pressed at 75 ˚C and 2500 psi for 10 min. by the hydraulic press (model 2100 from PHI),

(b)
(a)
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(c)
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Figure 3-5: (a) design of the three-electrode fuel cell sensor; (b) the strips of the
Monel electrodes after laser cutting; the CAD design of the aluminum-made mold
(c) the bottom part and (d) the top part (e) the three-electrode fuel cell sensor after
fabrication

58

like that which was mentioned in section 3.3.2. The fabricated arrays of fuel cells were
kept at room temperature for 1-2 hrs. inside the mold, and it was observed that the
electrodes properly adhered to the membrane through the thermal cycling process [199,
200]. Finally, the fuel cell sensor was cut from the strips using a guillotine.

3.5 The working mechanism of the PEM fuel cell
The hydrophilic sulfonic acid group governs the kinetics of proton transfer, where
the transportation mechanism can be explained by the widely accepted cluster channel
model proposed by Hsu and Gierke [201]. In this model, the sulfonated acid groups form
water-filled clusters over which the protons are transported, as shown in Fig 3-6a and 36b. From this model, it can be inferred that only under the conditions of an optimum
hydration level can Nafion transport protons across. The conductivity of these ions is
proportionally related to relative humidity (RH) in the environment. A relationship of
proton conductivity vs. % of RH is plotted in Figure 3-6c. This plot supports our claim that
a change in RH leads to a linear change in ionic conductivity. Proton conductivity (𝜎) in

(a)

(b)

(c)

Figure 3-6: (a) The cluster channel model with the (b) Cluster [202], (c) %RH vs.
conductivity [202]
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𝐸𝑎

polyelectrolytes also depends on temperature (𝜎𝑇 = 𝜎0 𝑒 𝑘𝑇 ) and the hydrophilic volume
fraction, 𝜎~(𝜑 − 𝜑𝑐 )2 [202]. This volume fraction has also been seen to share a quadratic
relation with the diffusion of water molecules, 𝐷𝑤 ~𝜑 2 [202]. H2O diffusion flux (𝐽𝐻2 O ) is
generally controlled by the electro-osmotic drag (EOD), diffusion and applied electric
force, where 𝐽𝐻2 O is assumed to be a linear superposition of EOD and diffusion [203]:
𝐽𝐻2 O = 𝜉𝜎 + 𝑐𝑤 𝐷𝑤
where, 𝜉 (= 𝐹

𝑑𝑎𝑤

𝑑𝐽𝐻2 O
𝑑𝜎

(1)

𝑑𝑥

)is the EOD coefficient, F is the Faraday constant, 𝜎 is current

density, 𝑐𝑤 is the concentration of water in mol/cm3, 𝐷𝑤 is the diffusivity of water in cm2
s-1, and 𝑎𝑤 (=

𝑃w
0
𝑃𝑤

) is water activity due to partial pressure of the vapor phase of water

molecules. The diffusion of H+ ions is governed by the Grotthuss mechanism, en masse
diffusion, and surface diffusion, where the relationship among them for a single pore is
given by the following equation [204]:
𝜎𝑝 = 𝜎𝐻Ʃ + + 𝜎𝐻𝐺+ + 𝜎𝐻𝐸+

(2)

In the above equation, 𝜎𝐻Ʃ + , 𝜎𝐻𝐸+ , and 𝜎𝐻𝐺+ represent H+ ion conductivity for the
surface, en masse, and Grotthuss diffusion. Combining equation (2) with Nernst-Einstein
equation, the overall membrane conductivity, 𝜎𝐻 + is found, as follows [204]:
𝜎

𝐻+

=

𝜀𝑖
𝜏

[

𝐹2

(𝐷𝐻Ʃ + 𝐶𝐻Ʃ +
𝑅𝑇

+

𝐷𝐻𝐺+ 𝐶𝐻𝐶+

𝐷 𝑊+

𝐻
+ 1+𝛿
𝐶𝐻 + )]
𝑐

(3)

where 𝜀𝑖 is the molar fraction of the water per acidic chain, 𝜏 is the tortuosity factor
of the pore, 𝐶𝐻Ʃ + and 𝐶𝐻 + are the surface and bulk membrane distribution of the proton
concentration, respectively, and 𝐷𝐻Ʃ + , 𝐷𝐻𝐺+ and 𝐷𝐻𝑊+ are the surface, en masse, and StefanMaxwell diffusion coefficients, of the hydronium ion, respectively.
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In a PEM galvanic cell, H+ ions are contributed by the fuel, for example, ethanol
[205 206]. These ions are transferred through Nafion, and the flow of electrons is regulated
through the circuit. The operation of a PEM galvanic cell depends primarily on (i) the redox
reaction at the electrode surface, (ii) the PEM’s hydration and its ability to transport protons
from the anode to the cathode, and (iii) the catalyst’s ability to enhance the redox reaction.
In Figure 3-7, the reaction mechanism is depicted for transdermal ethanol detection by the
PEMFC sensor. Here, the target compound ethanol is exposed (oxidized), and ambient
oxygen is reduced at the cathode [207]. The electromotive force in this PEM galvanic cell
is caused by the standard potential (E0), given by the Nernst equation (1).
RT

𝐸 = 𝐸0 − 𝑛𝐹 𝑙𝑛 𝑄𝑟

(4)

where, E is the half-cell potential, n is number of electrons transferred, F is the
Faraday constant, R is the molar gas constant, T is temperature and Qr is the reaction
quotient. The standard potential drives the faradic current in the presence of the target

Figure 3-7: The working mechanism of PEM galvanic cell
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analyte. This generated current depends on: the open circuit potential (OCP) of the
reactions, applied potential across the electrodes, and the rate of the reaction.
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CHAPTER IV
CALIBRATION OF THE FUEL CELL SENSING PLATFORM FOR VOC
SENSING IN A TWO-ANALYTE SYSTEM

This chapter is divided into three major sections. The first section presents the
development of a nickel-based PEMFC sensing platform for the detection of VOC(s), such
as alcohol. The second section focuses on the detection mechanism of the alcohol by the
fuel cell sensor and its improvement of calibration by eliminating the noise of major
interfering compounds, such as humidity. Finally, the third section explores the prospect
of this wearable alcohol-sensing device.

4.1 Background of wearable alcohol measurement systems
A continuous wearable alcohol measurement system has been sought in numerous
fields, ranging from law enforcement to clinical monitoring to safety systems [208 209].
Breath alcohol (BA) measurement devices are used by law enforcement agencies for the
random monitoring of drivers to determine whether they are driving under influence of
alcohol [10 210 211 212]. Since law enforcement involves measuring the BA content of a
random population at one point in time, breath analyzers are adequate. However, in a
clinical application focused on understanding the consumption and metabolism of alcohol,
measurements are required over extended periods, ideally starting from 30 min. before
consumption and extending to 8h. after the last drink. Given that alcohol is generally
consumed in the evenings and the subject will likely sleep following his ingestion of
alcohol, breath analyzer, a continuous alcohol sensor, is preferred. The simplest approach
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to continuous monitoring of alcohol is a wearable sensor that uses alcohol vapors
emanating from the skin and secreted with sweat [213 214 215].
After alcohol ingestion, a very small proportion (1% of overall alcohol
consumption) is excreted with sweat from the exocrine sweat gland or in a diffusive manner
[162]. The sweat is mostly composed of water (~99% of overall volume), with a small
amount of nitrogenous compounds, metal and nonmetal ions, metabolites, xenobiotics,
organic volatile compounds, and so on [216]. Hence, the elimination of cross selectivity
with different compounds, especially with the water content of sweat or atmospheric
humidity, is challenging for any transdermal alcohol sensors. The reaction kinetics [217]
and maximum power density [218] of the PEMFC sensor are directly dependent on relative
humidity. In the electrochemical sensing, therefore, humidity has an adverse impact on the
calibration of the sensors. Like humidity, other volatile compounds released from the skin,
such as aldehydes and ketones [219], will undergo a reaction in the anode, creating an
interference signal. Only a selective and accurate alcohol measurement device would be
the possible solution to overcome this issue. This can be achieved in two ways: first, to
develop a highly selective sensor that can offer an accurate signal for only alcohol, or
second, electrically eliminate the noise signals following a robust electrochemical
technique.
Wearable transdermal alcohol measurement devices have been built before, e.g.
“GinerWrisTAS” [205]. However, this device did not have a data acquisition system and
required a humid chamber for measurements. Others [205] integrated the data acquisition
system and incorporated PEM as an electrolyte. However, these sensors suffered from false
positive readings due to the presence of VOCs, the lack of selectivity, and the need for

64

frequent manual calibrations. Both fuel cell/electrochemical breathalyzers and wearable
devices measure interactions between the sensor and VOCs, such as acetone,
acetophenone, isoprene, etc. [220]. The interactions lead to a change in potential and
generate a signal. When these devices are used to for the measurement of alcohol, the
VOCs trigger false positives.
To address the needs of the target users, a complete wearable system needs to be
developed. Such a system should be able to recalibrate and reference itself to its
environment, minimizing the effect of VOCs, thus enabling long-term quantitative
monitoring. The platform needs to provide real-time statistical analysis for different vapor
footprints, including alcohol, so it can be calibrated to the needs of the user. Such systems
should also be low power to ensure long usage life between charges. This paper presents
such a sensing system that can communicate with external devices through Bluetooth for
longitudinal data analysis to ensure functionality. Finally, the sensor was packaged into a
wristwatch format.

4.2 Experimental
4.2.1 Materials and Methods
Materials for PEMFC sensor fabrication were discussed in section 3.3.
The MICRO5 PID sensor was purchased from BW Technologies. Potentiostat (CHI
1230B with MC470) was purchased from CH instruments Inc. LMP91000 miniaturized
potentiostat with analog front end (AFE), a 16-bit ultra-low power microcontroller
(MSP430F5529LP), RN42 Bluetooth chip and the LP2591 power management system
were purchased from Texas Instruments (TI). The MCP72831 charge controller, a 12-bit
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digital-to-analog converter (ADC) with integrated electrically erasable programmable
read-only memory (EEPROM), and an I2C compatible serial interface from Microchip
were purchased.
The fabricated PEMFC sensor (as mentioned in section 3.3) was interfaced with the
AFE of the LMP91000 on a wearable platform. The WE, RE, and CE of the sensor were
connected to the corresponding pins of the AFE. The AFE was linked to the microcontroller
via an inter-integrated circuit (I2C) interface. The Bluetooth module was connected via a
universal asynchronous receiver/transmitter (UART) peripheral of the MSP430. The liquid
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Figure 4-1: (a) Block diagram and schematic of peripheral connections in the
alcohol monitoring device, (b) the top and (c) bottom layer of the PCB board,
where the top layer consists of a LMP91000, microprocessor and other
integrated electronic components, and the bottom layer consist of Bluetooth
component
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crystal display (LCD) used the serial peripheral interface (SPI) of the MSP430. The
connections and their functions are discussed in the results and discussion. The peripheral
connection is depicted in the block diagram, as shown in Figure 4-1a. The printed circuit
board (PCB) was manufactured on a two-layer board using a 1.6 mm-thick FR-4 substrate,
with 28.35 g copper and an area of 6.45 cm2. All the electronic components, including the
microcontroller, AFE, power management system, and associated circuitry, were mounted
on the top layer, as shown in Figure 4-1b. The Bluetooth chip was solely mounted on the
bottom layer Bluetooth (Figure 4-1c).
Standard solutions of ethanol and vapor were calibrated using the MICRO5 PID
sensor. OCP and amperometric studies of the fuel cell were with the commercial
potentiostat. Ethanol vapor was generated by bubbling a constant flow of air through a
15.8M-ethanol solution. Ethanol vapor was passed through a custom 3D printed chamber
(~0.7 cm3) containing a standard PID sensor or the WE of developed sensor for
measurements. The chamber was designed in such a way that the CE was exposed to the
atmosphere.

4.3 Results and Discussions
4.3.1 The Electrochemical Mechanism of the Ethanol Fuel Cell Sensor
The operation of the PEM fuel cell sensor depends primarily on (i) the redox
reaction at the anode and cathode surface, (ii) the PEM’s hydration and its ability to
transport protons from the anode to the cathode, and (iii) the catalyst’s ability to enhance
the redox reaction. The redox reactions of the ethanol fuel cell can be represented by
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equations (1), (2), and Figure 4-2a. The overall fuel cell reaction can be represented by
equation (3) [221]:
C2H5OH + 3H2O → 12H+ + 12e- + 2CO2

(E0 = 0.085V)

(1)

3O2 + 12H+ +12e-→ 6H2O

(E0 = 1.23V)

(2)

(E0 = 1.145V)

(3)

C2H5OH + 3O2→ 2CO2 + 3H2O

In this reaction, protons are exchanged from the anode to the cathode through the
PEM, and the electrons flow through the internal circuit. The E0 values given in equations
(1) and (2) are the thermodynamic standard potentials vs. standard hydrogen electrode
(SHE), and the E0 value in equation (3) is the equilibrium potential difference, which
represents 12 electrons per ethanol molecule. However, the thermodynamic values are
practically of little use, as practical systems don’t operate under reversible conditions. To
obtain the characteristics of the constructed three-electrode PEMFC sensor, the OCP
technique (time vs. voltage) was used. In these studies, to enhance oxygen reduction and
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Figure 4-2: Schematic of ethanol oxidation and oxygen reduction in a fuel cell
sensor, where a', b', c', and d' represent WE, CE, PEM and RE, respectively. (b)
OCP of a fuel cell sensor in the presence (continuous green) and absence (dashed
blue) of 95% ethanol in 100% humidity.
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ethanol oxidation, Ni was used as a catalyst [28 221]. The effect of humidity on H+ ion
transport was minimized by treating each sensor in a humid chamber for 30 min. at room
temperature, as it is established that the rate and amount of proton exchange depend on the
water content of the PEM [222]. The OCP measurements were taken over a period of
1,000s in a closed chamber containing the fuel cell sensor. Even though the steady-state
potential of the sensor was attained within 5s, t = 100s was chosen to introduce the ethanol
to illustrate the stability of the baseline. The response time of the sensor can be seen to be
less than 2s (Figure 4-2b). The same figure shows that the OCP of ethanol oxidation (100%
humid condition) was 0.07 V. In our sensor, we consider thermodynamic standard potential
instead of equilibrium potential difference, as the fuel cell sensor is a three-electrode
system and measurements were half-cell measurements. According to the Nernst equation,
the OCP of ethanol should be much higher than the thermodynamic standard potential of
ethanol (0.085V). This low ethanol OCP value is due to the mixed potential generated
because of both ethanol and humidity.
The experimental results in Figure 4-2b also revealed that there was a ~-0.2 V
deviation in OCP for 100% humidity (absence of ethanol) compared to the OCP in the
presence of ethanol. This deviation varies with the percent change in humidity at the rate
of 2.7 mV for each percentage decrease in humidity (Figure 4-3). The humidity level varies
inconsistently in practical conditions, and the exposure to various humidity percentages
revealed that the reference value of the sensors’ OCP signal oscillates for the sample size,
n = 5. Therefore, deriving a relationship between humidity and the ethanol, the OCP signal
generation for calibration was not possible based on empirical results. Hence, quantifying
ethanol based on the OCP technique alone was inaccurate, even though significant signals
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Figure 4-3: Plot representing the effect of humidity (%) on the OCP of the
micro-PEMFC sensor in the absence of ethanol, where there was a 2.7 mV
change in OCP for each percentage decrease in humidity for n = 5.

were measured for ethanol in OCP. However, the OCP signal variation between ethanol
and the humidity (-0.2 V) provided a significant opportunity to design a multimodal
method to eliminate interference. Like humidity, any organic volatile compounds capable
of oxidizing on the anode has its own OCP signature, which is an important characteristic
supporting the selective detection of desired compound in a given binary system.

4.3.2

A Method to Eliminate the Interfering Signal
Selectivity is the biggest challenge in the successful construction of any fuel cell

sensor. In the diffusion control process, OCP, due to any given reaction, is independent of
its concentration. However, in the case of low concentration and low volume
measurements, the rate of the reaction, rate of diffusion, and rate of evaporation are the
limiting parameters. If the concentration of the interfering compound is much higher than
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the ethanol, the sensors’ accuracy will be low. This is because, as discussed above, the
experimental potential of each compound varies due to the mixed potential, which in turn
affects the current generated by the fuel cell. To improve accuracy, a multimodal method
containing both OCP and the amperometric techniques was employed for subsequent
measurements.
During the redox reaction, the current flow between the electrodes can be measured
using the amperometric method as the faradaic current. This generated current depends on:
the formal potential of the reactions, the applied potential across the electrodes, and the
rate of the redox reaction. For example, the amperometric measurement of ethanol at a
fixed potential (-0.05V) in the presence of high humidity given in Figure 4-4a revealed that
there is a response for not only ethanol but the humidity as well. The same figure showed
that if the applied potential was lower than the OCP of ethanol, it resulted in a negative
current response, and vice versa for the humidity. The response depended on the difference
(ΔV) between OCP and the applied potential, resulting in a variation in the output current.
This showed that the rate of faradaic reactions on the electrode surface could be
manipulated using external voltage. As a step toward eliminating humidity interference
signals, a signal due to humidity was taken as an example for the following studies. A
similar method can be applied for eliminating the signals of all other organic, volatile
compounds. However, the method reported here is only applicable for a binary chemical
system and has not been validated for multiple interfering compounds.
The selectivity of ethanol in the presence of humidity was achieved through the
following steps: (i) identifying the OCP in the presence of humidity, and (ii) applying the
obtained OCP value across the WE and RE, and measuring the current flow between the
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Figure 4-4: (a) Amperometric plot showing humidity and ethanol signals, (b)
calibration plot of current vs. voltage scan in presence of humidity showing the
voltage at 0A, (c) amperometric studies after calibration showing only the ethanol
signal, where the interfering signal was eliminated, (d) anodic polarization curves
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systems.
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CE and WE. In this process, the current signal due to humidity was eliminated, and the
current flow due to ethanol oxidation for that potential was recorded. The experiments with
humidity (> 90%) showed that the OCP of the fuel cell sensor varied between -0.05 V to –
0.2 V. By keeping the potential exactly at the experimental potential (Ecell) at any given
humidity level (in the absence of ethanol), the current flow due to humidity was eliminated.
The identification of the Ecell at any given humidity was carried out by a series of
amperometric studies, where various potentials were applied across the electrodes and the
current was measured (Figure 4-4b). From the applied potential vs. current plot, the exact
Ecell at which the current falls to zero was identified for that humidity. Even though the
steady-state OCP measurements can be used to measure this Ecell value, the amperometric
method was used to find the Ecell to significantly improve the accuracy. Attaining OCP, the
steady-state value would vary depending on the environment and the need for prolonged
scans in real-time calibrations. The amperometric results after calibration (Figure 4-4c)
show the ethanol signal only, and the signal interference due to humidity was eliminated.
In a separate study, the anodic polarization of the micro-fuel cell (Figure 4-4d)
showed a linear increase in the current, from -0.3 V to -0.08 V, indicating the mixed
potential signal of both humidity and ethanol. In the same curve, there was a change in
slope in the region of -0.08 V to 0 V, indicating the activation polarization for ethanol
oxidation. The active region of the ethanol oxidation was in the range of -0.8 V to 0.2 V.
The region greater than 0.2 V was the concentration polarization, where the reaction is
diffusion-limited.
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4.3.3

Improving the Stability of the OCP Signature
To achieve the chemical specificity, it was imperative that the sensor had a precise

Ecell for each chemical compound in any given electrochemical system. The current fuel
cell sensors in the market are made of a two-electrode set-up; maintaining a precise Ecell is
generally not possible with a two-electrode system due to the potential drop across the cell
because of electrolyte resistance and the possible polarization of the CE. It is well known
that during amperometric measurements, the electrodes are polarized, which in turn
perturbs the electrochemical system. However, a precise Ecell can be maintained in this
process using a three-electrode system, in which the potential of the WE is measured
relative to the RE. Further, due to the high impedance between the WE and RE, the current
passes between the WE and CE, avoiding the polarization of the RE. The electromotive
force in a three-electrode system caused by the standard potential (E0) is given as the Nernst
equation (4).
E0 = -ΔG0/nF

(4)

where ΔG0, n, and F are respectively Gibb’s free energy, the number of electrons,
and the Faraday constant. The stability of the Ecell was tested using the OCP technique, and
the two and three-electrode systems were compared, as seen in Figure 4-4e. The results
showed that after the addition of ethanol, there were erratic changes in the OCP of the twoelectrode fuel cell sensor, while the three-electrode configuration resulted in a stable OCP
of the three-electrode system.
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4.3.4

Algorithm for the Sensor Auto-Calibration
Based on the experimental observations reported in section 3.2, a flow chart (Figure

4-5) was developed for implementing an algorithm that would result in the chippotentiostat having auto-calibration ability and selectivity to ethanol in highly humid
conditions. The nullification of the current signal produced by humidity was achieved by
the two following functions:
Function 1: auto-calibrate the fuel cell sensor at certain intervals (which depend on
the steady-state response of the nickel catalyst).
OCP measurement

Scan: -0.2 to 0.1 V

No
< -0.05 V

Measure I, Fit data

Display BAC

Yes

Measure current
Scan:-0.05 ~ -0.25V

No
I = 0A

Fix V, Measure I
Fit calibration

Display BAC

Figure 4-5: Flow chart representing steps involved in selective ethanol detection.
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Function 2: measure ethanol using the amperometric measurement.
The calibration (1st function) was necessary to know the humidity signal and
nullify this in the second function. The 1st function involved OCP and amperometric
measurements; the 2nd function involved amperometric measurements. In the 1st function,
if the value was lower than the threshold OCP, it indicated no ethanol presence, and the
system proceeded to amperometric measurements. In this step, the Ecell for 0 A was
identified by measuring the current across the electrodes while scanning the potential. The
obtained Ecell value was stored in the system. This stored value was the bias voltage for
amperometric measurements in the 2nd function, where the current was measured and
fitted against a pre-determined calibration curve. In the device memory, there will be
multiple pre-determined calibration curves stored for each biasing voltage. These curves
were used, as the current signal magnitude in the 2nd function depends on the biasing
potential. The final step is to display the BAC from the calibration curve fitting. This
process nullifies the interfering signal in any given environment.

4.3.5

The Configuration of the Analog Front-End Alcohol-Sensing Device
A schematic of the potentiostat is given in Figure 4-6a. The arrangement of the

circuit is that of a non-inverting operational amplifier. The voltage supplied by source E
was closely followed by the voltage between the RE and WE terminals. Z1 and Z2 are the
characteristic impedances of the fuel cell between the respective terminals. Any change in
impedance due to ethanol coming in contact with the WE was reflected by the change in
current Ic (current at CE), as show in Figure 4-2a. As described in previous sections, the
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impedance at the negative terminal of the amplifier was very high, which made the current
flowing through the RE negligible.
The LMP91000 can be configured to perform different types of electro-analytical
techniques. The detection method used in the system was amperometric. Referring to
Figure 4-6b, amplifier A1 is the control amplifier that implements the potentiostat circuit.
The variable bias block of the LMP was used to provide a user configured potential across
positive and negative terminals of A1. This potential was held constant between the
reference and working terminals by the potentiostat. The transition from minimal current
flow to voltage was made available by the trans-impedance amplifier (TIA), whose forward
voltage gain is dependent upon on a feedback resistor Rtia. It can be connected either
internally or externally to the feedback path of the TIA, as depicted in the internal block
diagram of the AFE of LMP91000 in Figure 4-6b. It converts the current flowing from the
CE and WE to a proportional voltage. Its output is connected to the Vout pin (this pin can
be toggled to give output of the temperature sensor of the LMP) and the C2 pin.
The LMP was configured via the microcontroller to perform three-electrode
amperometry following the functional block diagram sketched in Figure 4-6b. The
microcontroller was connected to the LMP via the I2C interface, as depicted in Figure 41a and 4-6b. The serial clock line and serial data bus line on the I2C bus were connected
to 3.3 Vdc from the system power management unit, with one external pull-up resistor each.
The schematic representation in Figure 4-6b was derived for the 3-lead amperometric cells
in the potentiostat configuration. The output voltage available at the Vout pin of the
LMP91000 was then routed to the microcontroller’s general-purpose input/output (GPIO),
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where it was conditioned by an internal analog-to-digital converter (ADC) for
interpretation. The TIA gain is adjusted to provide a voltage proportional to cell current. It
can be internally programmed via software for a range of 2.5 kΩ ≤Rtia ≤350 kΩ and
externally configured, as required.
The internal feedback resistor was optimized for an optimal TIA amplifier gain
using a value of Rtia = 120kΩ. This provided a large enough signal gain to manipulate the
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Figure 4-6: (a) Block diagram of a simple potentiostat, where CA is the control
amplifier, Ic is the current at the counter electrode, Z1 is the impedance across
the counter and reference electrode, Z2 is the impedance across the reference
and working electrode, and E is a voltage source. (b) Functional block diagram
of LMP91000 AFE with the fuel cell sensor.
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data and provided sufficient headroom for voltage swings because of changes in alcohol
concentration. The module-enable (MENB) was tied to ground to signal a communicationready status to the microcontroller. In the case of multiple alcohol sensors, the MENB line
of each AFE sensing device on the I2C bus can be individually toggled through to extract
data from each sensor. The voltage reference (VREF) to the AFE sensing device was
externally provided by the digital-to-analog converter (MCP4724), and was adjustable
through software. It can meet a wide range of supply voltages to the LMP91000 and specify
bias voltages with accuracy. The load resistor was set to its lowest internal resistance value
of Rload = 100 Ω to draw the maximum current from the sensor and subsequently become
amplified by the TIA.

4.3.6

Microcontroller Operation and the Alcohol Concentration Measurement
Technique
MSP430F5529LP was chosen due to its small LQFP-80 pin packaging size and low

power mode settings that allow power consumption down to 1.4 µA in LPM3, a low
operating voltage range of 1.8 𝑉𝐷𝐶 ≤ 𝑉𝐵𝑎𝑡𝑡 ≤ 3.7 𝑉𝐷𝐶 , and portability to other
microprocessing units if desired due to the simplicity of the C programming language.
Features that made this microcontroller attractive for our application were its ability to
store 128 kB of non-volatile flash memory and 8 kB of RAM, allowing the software to
execute during power-on and reset events, and a 12-bit ADC that was used to measure the
analog output of the LMP.
The MCU has the capability to communicate via SPI, UART, and I2C. The alcohol
sensing platform uses I2C to communicate with the LMP91000 and MCP4724, UART to
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communicate with the RN-42 Bluetooth module, and SPI to communicate with the
monochrome LCD. The present configuration for the MCU was shown in Figure 4-1b. In
the figure, the MCU can be programmed and debugged on-chip and on a minimally systeminvasive procedure simply by connecting two Spy-Bi-Wire emulator cables. The external
circuitry, shown in Figure 4-1b, consists of bypass capacitors and ground connections
required for proper MCU operation. This configuration was derived from a device-specific
datasheet and user guide. The algorithm for interpreting sensor data was adapted from
[223]; under this configuration, two additional cables were routed from the C1 and C2 pins
to the GPIO pins. The data from C1 and C2 consists of the analog output voltage Vout, and
this voltage presents at the inverting input of the TIA, which is directly connected to the
electrodes of the sensor, and is the same voltage at the non-inverting input of the WE TIA.
This was a fixed percentage of the VREF or divided reference voltage (𝑉𝑅𝐸𝐹𝐷𝐼𝑉 ), and is
chosen dependent on current flow to the WE. This allowed the computation of the current
flowing at the WE of the three-electrode system (IWE), as follows. 𝐼𝑊𝐸 =(𝑉𝑜𝑢𝑡 −
𝑉𝑅𝐸𝐹𝐷𝐼𝑉 )/𝑅𝑡𝑖𝑎 has been established using the aforementioned-procedure. Rtia was chosen
depending on the sensitivity of the sensor, given in ppm, as previously discussed. The
current of the sensor was then calibrated via software as a function of all described
parameters.

4.3.7

Power Management, Data Transmission and User Interactivity
The developed wearable platform operated on a 3.7VDC lithium-ion (Li-ion)

battery capable of providing up to 1000mAh. Battery replacement was a trivial task in the
platform. The unregulated battery voltage was regulated to provide a constant 3VDC
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source to the system through a battery voltage range of 3𝑉𝐷𝐶 ≤ 𝑉𝐷𝐶 ≤ 3.7𝑉𝐷𝐶 . The system
was designed to prevent Li ion battery drainage below a 3 VDC - 2.4 VDC threshold, as this
can potentially cause an unsafe condition [224] through means of a Power Management
Unit LP5921. The system operates with a current draw of 2 mA during normal operation
with Bluetooth disabled. When Bluetooth capabilities were enabled by the user, the current
consumption of the system increased to approximately 40 mA. As shown in the block
diagram in Figure 4-1a, the Li-ion battery can be recharged on the wearable platform
through a micro-USB device connected directly to a Li-ion battery charging circuit, which
allows simultaneous system operation and charging functions.
The AFE LMP91000 was chosen as the signal path solution between the
MSP430F5529LP and the sensor due to its ability to detect a current in the nano-Ampere
(nA) range and provide an output voltage proportional to current times’ gain factor. To
ensure a reliable AFE sensing operation, automatic system calibration based on a sensor’s
OCP and a reliable reference voltage to the AFE sensing device, the DAC device
(MCP4725) provided a configurable reference voltage to the AFE sensing device, of which
a fixed percentage would be applied across the sensor for biasing purposes, as determined
during calibration time. Having a fixed voltage percentage that was software
programmable allows the platform to configure itself to any sensor to eliminate
abnormalities that may be present. Information sent from the Bluetooth module to the
receiving device is encrypted using a simple algorithm to avoid data compromise, and is
subsequently decrypted at the authorized receiving device and displayed to the user.
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4.3.8

Comparison of MC470 and LMP91000
To validate the device, data from the commercially available electrochemical

device MC470 was compared with the constructed LMP91000 device, as shown in Figure
4-7a and 4-7b, respectively. During these experiments, both the devices were placed in an
identical setup with similar parameters, as given in the experimental section. The
concentration of ethanol used for these experiments was 7.272 M. The experiments were
carried out for 700s, where the humidity was introduced after 50s and the ethanol was
introduced after 200s. The biasing potential was kept constant at -0.2 V for both the
experiments. Both results show there was interference due to humidity, and there was a
response to ethanol (Figure 4-7a and 4-7b). Comparing the results in the same figure shows
that the LMP91000 device has a 30-times higher current signal due to the presence of an
amplifier in the device.
The effect of ethanol concentration on the fuel cell sensor was studied for sensor
evaluation. In these experiments, there were ten different concentrations tested in the
physiological range of transdermal ethanol (5ppm to 800ppm). The optimized sensor
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Figure 4-7 Amperometric data obtained in (a) a commercial MC470 potentiostat
and (b) a LMP91000 potentiostat in the presence of ethanol and humidity (c)
concentration vs. current plot showing the linear response of the sensor with the
RSD of 30%.
.
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operating parameters were 42% humidity at 25 ˚C, at -0.05 V biasing potential. The
concentration vs. current plot given in Figure 6c shows that the sensor response is linear,
from 50 ppm to 800 ppm, with the sensitivity of -0.23 nA ppm-1 cm-2 (RSD=30%), with
the lowest detection limit of 5ppm. The RSD value for concentration below 50ppm was
55%, which went down to 18% for the concentrations higher than 50ppm. These results
prove that the device, along with the sensor, has the capability to measure even the ethanol
concentration within the physiological range.
Bland-Altman plots were used to characterize the repeatability and reproducibility
of the sensor (Figure 4-8a and 4-8b). The plots show the average and difference between
two measurements of current on the x-axis and y-axis, respectively. In the repeatability
experiments, two sensors were studied, and the data was collected multiple times (n=10),
whereas for reproducibility, ten different sensors were studied, and the data was collected
twice in each sensor. The concentration of ethanol and percentage of humidity used in these
experiments were 50ppm and 46%, respectively. Bland-Altman plots show that an absence
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Figure 4-8. Bland-Altman plots representing (a) repeatability and (b)
reproducibility of the micro-fuel cell sensor in the presence of 50 ppm of ethanol
and 46% humidity. The biasing potential was -0.05V.
.
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of bias in measures of repeatability (p=0.0004) and reproducibility (p=0.0004) were
considered statistically significant. The correlation coefficient values for repeatability (r2
= 0.8123) and reproducibility (r2 = 0.8102) are closer to unity, indicating a strong
relationship between multiple measurements. The limits of agreement are expressed as
averages of the differences ±1.96 SD. The limits of agreement for repeatability were 21.43
and 57.60, and for reproducibility it was 251.1 and -209.9.

4.4 Conclusion
A miniaturized alcohol monitoring system containing a micro-fuel cell sensor with
a compact potentiostat has been developed. The device includes data processing and
transmission units with low power consumption, which can also provide a highly stable
signal. The multi-modal technique provided a pathway to design a method to eliminate the
major interfering factor, humidity, in an alcohol-based monitoring device. An algorithm
was developed to implement self-calibration in the developed device to improve ethanol
selectivity. The method in this investigation for eliminating signal response caused by
humidity demonstrated a potential pathway for eliminating any organic volatile compound
interfering signals. The modification of nickel-plated electrode with the thin film catalyst
could be a prospective development of the present work, where sensitivity and detection
limit can be improved several folds.
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CHAPTER V
MULTIVARIATE ANALYSIS FOR IMPROVING THE CALIBRATION OF A
FUEL CELL SENSOR FOR SENSING VOC

This results and discussion of this chapter is divided into three major sections. The
first section presents the limitations of the linear calibration of a fuel cell sensor. The
second section focuses on the improvement of the calibration of the fuel cell sensor
employing a classification method, such as PCA and its limitations. Finally, the resolution
of the overlapping of the signals employing the multivariate regression method, such as
PCR, is discussed.

5.1 Background
Fuel cells are electrochemical devices that convert chemical energy into electricity,
as discussed earlier. These devices are found in many different forms, specifically designed
for intended roles. For example, miniaturized PEMFC have been widely used in
breathalyzers. The PEMFCs operate at low temperatures and therefore can be used as a
sensor in wearable devices. Compared to infrared-based sensors, PEM fuel cell sensors
have portability and a long working lifetime as advantages [225]. However, both these
sensors suffer from high interference due to humidity and volatile compounds. Due to high
signal interference in a multivariate environment, these sensors cannot be used for
continuous monitoring. These signal interferences also lead to signal fluctuation and
overlapping over time. Therefore, the standalone sensor provides false positive and
negative results, which makes the linear calibration model obsolete for the quantification
of isoflurane or any volatile compound. Moreover, these environments exist in biological
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fluids and vapors. The fuel cell sensors alone are incapable of specifically separating a
single VOC signal in the biological environment. The non-specific detection of existing
sensors is mainly due to the PEM’s dependency on different ambient parameters, such as
humidity, pressure, and temperature, for its function.
Data mining and pattern recognition techniques have become popular for the
selective and accurate detection of volatile compounds in a multi-dimensional
environment. These tools interpret datasets from single or multiple sensors to selectively
quantify a specific compound. This can be achieved by training the computational
algorithms with large and diverse data sets before implementing the sensor for real-time
measurements. Among these techniques, multivariate statistics is a robust tool that provides
precision measurement and classification [40 41 226]. The most common multivariate
statistical techniques are PCA, DFA, and PLS [15 39 227]. PCA is a pattern recognition
method that reduces the redundancy and dimensionality of the data sets through the
simplification and interpretation of the data by the first few major components. These data
plots contain most of the variance in the data without having preceding information on the
data sets. This work presents a study of PCA with predicative regression model-driven
isoflurane biosensor regression.

5.2 Experimental
Materials and the sensor fabrication approach were described in section 3.3.
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5.2.1

Sensor set-up and measurement protocols
A chamber was used for the sensor setup, where the cathode had a window of (1.5

cm x 1 cm) so that the atmospheric oxygen could interact with the counter electrode. On
the other side, the sealed chamber had an opening of 1 cm diameter cylinder (1.57 cm3) to
expose the working electrode to the isoflurane environment. During the experiment, the
headspace remained constant at a height of 2 cm. During the measurement, the
concentration of isoflurane at the headspace was calculated using Henry’s formula at
constant temperature, as follows [228]:
Concentration of isoflurane in the liquid phase
Concentration of isoflurane in the vapor phase

= Kw/a

(1)

Here, Kw/a is the “Ostwald partition coefficient.” If a diluted isoflurane solution is
brought to equilibrium in air, the partial pressure of isoflurane in the vapor phase is a
function of the system temperature (25 ˚C) and the isoflurane concentration in the liquid
phase. The partition coefficient of isoflurane is 0.61 at 25 ˚C [229].

Different

concentrations (40 ppm, 80 ppm, 160 ppm, 320 ppm, and 775 ppm) of isoflurane were
exposed to the working electrode of the fuel cell and measured by the amperometric
method at the applied potential of -0.3 V.

5.2.2

Reaction mechanism
The reaction mechanism of the fuel cell involves oxidation at the anode and

reduction at the cathode. The anodic reaction can be expressed by equation (2 – 4), where
the oxidative addition of isoflurane occurs instead of a direct oxidation reaction.
Anode reaction:
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Ni + R − Cl → RNi(II)− + Cl−

(2)

Cl2 + H2 O → HCl + HClO

(3)

4HCl + 2Ni + 12H2 O → 2NiCl2 . 6H2 O + 4H + + 4e−

(4)

where, R-Cl is the isoflurane. As given in equation (3), the byproduct HCl is
oxidized on the anode, and the electrons are produced in this process. On the cathode, the
oxygen is reduced, as given in equation 5.
Cathode reaction:
𝑂2 + 4𝐻 + + 4𝑒 − → 2𝐻2 O

(5)

During this reaction, the electrons and H+ ions flow from the anode to cathode,
generating a faradic current proportional to the concentration of isoflurane. This faradic
current was detected by the amperometric method for this study. The biasing voltage across
the working and reference electrode was -0.3 V.

5.3 Results and discussion
5.3.1

Linear calibration of the fuel cell sensor
The amperometric signals from different concentrations of isoflurane exposure

vary within sub-nano Ampere, causing signal overlapping at narrow concentration ranges.
In the case of low concentration and low measurement volumes, the rate of the reaction,
rate of diffusion, and rate of evaporation are the limiting parameters. If the concentration
of the interfering compound (example: humidity) is much higher than the isoflurane, the
sensors’ accuracy will be low. These limitations of the fuel cell sensor were studied in the
presence of isoflurane with five different concentrations in ambient temperature and
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Figure 5-1: (a) Linear calibration plot of isoflurane measured in the fuel cell
sensor and (b) Overlapping amperometric signals in the linear calibration plot
(inset: the overlapping was in the sub-nano Ampere range).
humidity, as given in the experimental section. Each concentration was measured eight
.

times and plotted in a linear plot, as given in Figure 5-1a. Even though the current signal
increases with respect to the concentration of isoflurane, the linear calibration plot shows:
(i) significant overlapping between the concentrations, (ii) excellent linearity with R2 =
0.9307, and (iii) very low sensitivity (0.0112 nA ppm-1 cm-2). The magnification of each
data point (in Figure 5-1b) reveals that there was a significant overlapping of the signals
between the different concentrations, which impedes reliability at the ppm level of
detection. For example, the overlapping between 80 ppm to 160 ppm and 160 ppm to 320
ppm were determined as 2.03 nA and 0.9 nA, respectively. Although the sensor shows
excellent linearity, its poor sensitivity and the overlapping of the signals in the calibration
curve significantly affect the determination. To overcome these calibration issues, PCA
was explored.
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5.3.2

The implementation of principal component analysis (PCA)
PCA is a powerful technique to eliminate redundancy and dimensionality in data

sets. This method was applied to the above-mentioned data by the following algorithm: (i)
standardizing the data, (ii) obtaining the eigenvectors and eigenvalues (d) from the
covariance or correlation matrix (iii) sorting eigenvalues in descending order and choosing
the k eigenvectors that correspond to the k largest eigenvalues. k is the number of
dimensions of the new feature subspace (k ≤ d). Mathematically, for a response matrix X,
each element xij concerns the jth measurement value for the ith considered data, and the kth
principal component is noted PCk [227]:
PCk = ∑𝑛𝑖−1 𝛼𝑖𝑘 𝑥𝑖𝑗

(6)

where n is the number of variables and 𝛼𝑖𝑘 is the eigenvector for the ith variable.
Then, the original data was multiplied by the eigenvectors to re-orient the data onto the
new axes, and these newly oriented data were plotted subsequently.
For the mathematical calculations, two response variables — steady-state current
(Iss) and difference (ΔI) between Iss and control signal were considered, as shown in Figure
5-2a. The (40 X 2) matrix was created for each variable, and 5 datasets (5 different
concentrations) contain the (8 X 2) matrix. The mean of each data set was governed and
standardized. A covariance matrix was developed for those two variables, and the
eigenvectors (V) were determined from this matrix. The eigenvalues (d) were 14.3088 and
1.8255, respectively. Here, the number of dimensions of the principal components, k = 2
in the subspace, and eigenvalues (or, eigenvectors) are equal to the principal components
(k = d); therefore, both were considered as principal components. The data variances of the
first and second principal components are 88.68% and 11.31%, respectively. The final
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Figure 5-2: (a) The variables (Iss and ΔI), which are considered for PCA, and (b)
PCA for the five different concentrations of isoflurane, considering two
variables.
datasets were plotted from the standardized eigenvector data. It is observed from the plot
that there is a marginal overlap between the domains of 160 ppm, 320 ppm, and 750 ppm.
Results show that (in Figure 5-2b), data can be separated into five different clusters
corresponding to specific concentrations, which removes the redundancy and reduces the
dimensionality of the linear calibration data of isoflurane. The same figures show 8 data
points having a maximum of 2 outliers from each cluster or concentration group. The
clusters are obvious and distinguishable, though there are few overlapping between the
data points due to indefinite variables (Figure 5-2b). The indefinite variables can be listed
as: (i) fuel cell membrane degradation over time, (ii) electrode surface fouling, (ii)
membrane water content variation and (iii) temperature variation. It is observed from the
both subspaces that the cluster of 750 ppm dispersed more, compared with the other data
sets, due to the above-mentioned reasons. Although the clusters of the PCA are isolated
from each other for the five different concentrations, this cluster model is incapable of
determining any regression model for the isoflurane concentrations within the
physiological range.
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5.3.3

Regression analysis for calibration
The objective of this study was to develop a PCA regression model from the data

matrix. It was achieved by considering all the data points from the data matrix of the abovementioned variables. In these calculations, the matrix was expressed in another form, given
in equation 7 [226].
𝐷 = 𝑅𝐶

(7)

where R and C are the scores and loading matrix, respectively. The eigenvalues (d),
eigenvectors (V) and covariance matrix (Z) are directly related to the data matrix, D. To
minimize the residual error, the eigenvectors were derived by subtracting d and V from Z.
This iteration process was continued for eigenvectors until the eigenvalue reached below
0.001 of the maximum one. Equation 7 was modified by employing a transformation
matrix, as R and C matrices do not exhibit any chemical and physical connotation. This
transformation can be executed, as follows:
𝐷 = (𝑅𝑇)(𝑇 −1 𝐶)

(8)

Here, T is a square matrix having dimension n, and n is the number of significant
factors determined by PCA. This transformation matrix can be expressed as below:
xcos(𝛿) −ysin(𝛿)
𝑇= |
|
zsin(𝛿) wcos(𝛿)

(9)

The values of the coefficients a, b, c, and d are unity when this matrix is orthogonal,
or else they can be determined considering the information of the real factors. In our case,
x = 1, y = -2.5, z = 2, w = 5, and 𝛿 = 354°. For regression fitting, loading fractions C1 and
1-C1 were determined empirically from PCA and fitted with respect to the concentration
of isoflurane [28], as shown in Figure 5-3. As all the experimental parameters are constant,
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1

Figure 5-3: PCA regression model for the calibration of a micro-fuel cell sensor
for isoflurane detection.
the sum of the loading fractions was approximately unity (1). Therefore, the regression plot
was obtained from the loading fraction (1-C1) vs. concentration (y). A polynomial function
was fitted with the regression curve using MATLAB, following the equation below:
𝑦 = 𝛼(1 − 𝐶1 )2 + 𝛽(1 − 𝐶1 ) + 𝛾

(10)

Here, the values of coefficients α, β, and γ are 1.87 x 104, -2.437 x 104, and 7.974
x 103, respectively. Any isoflurane concentration within the physiological range can be
determined by fitting the loading fraction (x) in this regression model, as shown in Figure
5-3.

5.3.4

The operation of the miniaturized potentiostat
A wearable platform (Figure 5-4a) with a miniaturized potentiostat has been

developed for a sustainable solution for isoflurane detection. It was housed with an
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Figure 5-4: (a) Wearable device for isoflurane detection, (b) Design of a microfuel cell sensor (c) Printed circuit board of four layers’ miniaturized potentiostat
(left) its size, and (right) and its design, (d) LMP91000 potentiostat integrated
with a three-electrode micro-fuel cell sensor.

integrated data acquisition system, Li-ion battery, and a three-electrode fuel cell sensor.
The fabricated three-electrode sensor (shown in Figure 5-4b) was integrated with fourlayers of printed circuit board (PCB), as shown in Figure 5-4c. This customized fourlayered PCB for data acquisition was designed to accommodate a miniaturized potentiostat
(LMP91000, as shown in Figure 5-4d), an ADC, and a low power data processing
microcontroller – nRF51822 (incorporated with a 32-bit ARM® Cortex™ M0 CPU with
256kB/128kB flash + 32kB/16kB RAM). This device uses nRF51822 from a Nordic
semiconductor as an integrated wireless microcontroller with Bluetooth low energy (BLE)
capabilities to provide wireless communication and peripheral controls. This embedded
2.4GHz transceiver with nRF51822 supports BLE for wireless data transmission. The
detection method used in this system was amperometric, and the functionality of the
potentiostat has been reported previously [33].
This LMP91000 potentiostat can be configured to perform electro-analysis for
isoflurane. The device begins amperometric operation when it detects a voltage less than
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0.02 V across the sensor electrodes (reference and working). The current generated from
the working electrode was determined, as follows [33]:
𝐼𝑊 =

(𝑉𝑜 −𝑉𝑅𝐸𝐹𝐷𝐼𝑉 )

(11)

𝑅𝑡𝑖𝑎

Here, 𝐼𝑊 is the current generated from the micro fuel cell, 𝑉𝑜 represents output
voltage, 𝑉𝑅𝐸𝐹𝐷𝐼𝑉 represents divided reference voltage, and 𝑅𝑡𝑖𝑎 is the feedback resistance
of the trans-impedance amplifier (shown in Figure 5-4d). This detected current (𝐼𝑊 )
corresponds to the concentration of isoflurane, which can be determined through
calibration. The current from LMP91000 is converted to a potential and fed to the internal
ADC of the wireless microcontroller. This information is then sent wirelessly via Bluetooth
to the end device (e.g. smartphone), which can send the data to the cloud.

5.3.5

Power management of wearable device
The algorithm for precise calibration requires computational power, which is

demanding on both devices used. Hence, the calibration algorithm for precise results can
be done on the cloud once the data are uploaded. This saves battery power and
comparatively limited computational power over the device and phone. The power
consumption of the device depends on different parameters: i. run time current drawn from
the central processing unit (CPU), ii. BLE transmission and communication, and iii.
LMP91000’s amperometric operation. Since most of these operations only occur for the
emergency period, the modules that run them can be pushed to a lower power state, thereby
reducing their consumption. The CPU runs for a short time during BLE transmission and
the ADC of analog output from LMP91000. The remaining time can be utilized by the
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CPU to run other peripheral operations consuming ~ 2.6 µA at a lower power. LMP91000,
while in the amperometric mode, consumes ~10 µA. It consumes an average current of
~7.95 µA over time, with a total uptime of 39%. Including ~5 µA for cell conditioning, the
current for this sensor is calculated as 9.75 µA with the LMP in “stand mode” for 60% of
the time. While the nRF51822 runs for ~5 seconds at a lower power from the CPU, it can
be shown that the total power consumption is ~56 µW. Using a 3.7 V and 365 mAh battery,
the operational lifetime of the system is ~ 5 days.

5.3.6

Database management and user interactivity
The database system was designed around the required flow of information, which

is a general design for such systems (shown in in Figure 5-5a). The device captures the raw
data and sends it via BLE or Bluetooth smart to a compatible smartphone. The smartphone
serves as a gateway for the data to the cloud. The cloud hosts the database, storing data of
relevant subjects/users securely. The data can be accessed in a hierarchical scheme, with
the server admin having the highest level of access. This is to ensure the proper handling
of sensitive medical information. Anlaytic tools can be built on the cloud to provide data
analysis for the corresponding isoflurane level in blood. An APP or a web portal was
developed at the end interface for the anesthesiologist to monitor this data.
The database system consists of three layers (shown in Figure 5-5b): i. user
interface (UI), ii. logic, and iii. data. Each of the three layers of this system is a subsystem
of the whole. User interface allows the anesthesiologist to control the system with
touchscreen presses. It provides him with an option to scan for and connect to a device,
initiating the connection services in the next layer via an APP or a web portal. The UI
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displays to him the state of the patient and measurements of the isoflurane concentration
in blood, and allows him to select what kind of graphs they would like to view, as shown
in Figure 5-5b.
The UI is programmed in Java and XML. Logic is the bridge between the UI and
data subsystems, and it transmits data between th UI and the data subsystems (shown in
Figure 5-5b). This subsystem is made up of the BLE Connection service and the DB

Figure 5-5: (a) Block diagram of the wearable device operation for isoflurane
measurement, and (b) Different layers of the database subsystems.
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Connection service. They allow the app to connect to the micro-fuel cell sensor device and
the database, respectively. The BLE Connection service also manages this sensor on the
device and formats the data from them to make it readable. Contrarily, data subsystems
consist of the BLE biosensing device, from which the data originates, and the database,
where the data are stored. In between this, the data moves through the Logic layer for
processing. The database runs on a MS SQL Server.

5.4 Conclusion
PCA and its predictive regression analysis were successfully implemented for the
isolation of signals in the sub-nano Ampere range of the isoflurane data. The conventional
linear calibration method is limited in isolating signals for minimal fluctuations due to
lower sensitivity (0.0112 nA ppm-1 cm-2), which has substantial standard deviations. PCA
accurately classified and discriminated different concentrations in the data subspace. The
eigenvalues for two variables were 14.3088 and 1.8255, respectively, which inferred the
command of the 1st principal component (88.68%). The cluster plot of PCA is unable to
demonstrate the relationship between inter-calibration points. Therefore, a predictive
model is derived from PCA, which can be employed for regression fitting. Last, a
miniaturized fuel cell sensor was designed in a wearable format for isoflurane detection
that can operate in a low power mode, having ~5 days battery life.

98

CHAPTER VI
DETERMINING ALCOHOL AND ISOFLURANE FROM HUMAN
SAMPLES/SUBJECTS

This chapter is divided into two major sections. The first section presents the POC
detection of alcohol from perspiration of the human skin. The second section focuses on
the analyses, results, and discussion of the application of the PEMFC sensors for the
detection of isoflurane from human sweat (in vitro) and human subjects (in vivo).

6.1 Wearable device and its components
A watch-style wearable platform with a miniaturized potentiostat was constructed
for the detection of VOCs, like ethanol or isoflurane, in humans. The sensor fabrication
was described in detail in section 3.4. The development of said wearable device was
mentioned in sections 5.3.4 and 5.3.5.

6.2 Determining alcohol from human skins
6.2.1

Protocol-sensor calibration and human study
During calibration and measurements, the headspace for alcohol vapor was

maintained constant at a height of 0.1 cm and area of 1 cm x 1 cm for every data set. The
concentration of alcohol at the headspace was calculated using Henry’s formula at a
constant temperature [228]. Different concentrations (50 ppm, 100 ppm, 200 ppm, 400
ppm, 600 ppm, 800 ppm, and 1000 ppm) of alcohol were exposed to the WE, and the
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corresponding currents were recorded at the potential of -0.05 V. The recordings were used
to build the PCR model.
Human studies were executed for 5 anonymous subjects (S1, S2, S3, S4, and S5)
with their written consent to take part, following the Institutional Ethical Guidelines (IRB17-0300-AM01). The measurements (control variables) were made at 25˚C and 55%
relative humidity. All data collected were from the upper side of the wrist, like when
wearing a watch. The gap between the sensor and the skin was 0.1 cm during measurements
to maintain a constant headspace volume. Each subject started drinking after 30 min. of
wearing the device. Each shot contained 50 ml, 35% alcohol from the same brand, and 6
consecutive shots were consumed by each subject at 10 min. intervals. Commercial
breathalyzer device data was also collected after 5 minutes of drinking each shot. The
details of this study were summarized in Table 6.1, as below:

Table 6-1. Human subjects study for transdermal alcohol determination
No. of
Subject

Age
(Yrs.)

Wei-

Distributi

Amount

Total

Interval

ght

on factor

contains

Amo-

in

(Vd)

in each

unt

between

shot

(ml)

of shots

(Kg)

(ml)

No.
of

Alcohol
Conc.

shot

(%)

(min.)

S1

65

88.9

0.68

50

250

10

6

35

S2

28

80.74

0.68

50

250

10

6

35

100

S3

32

84.37

0.68

50

250

10

6

35

S4

21

77.11

0.6

50

250

10

6

35

S5

30

81.193

0.68

50

250

10

6

35

6.2.2

Sensor calibration for alcohol vapor quantification
The linear regression calibration of the fuel cell sensor for alcohol vapors was

investigated within the physiological range. The data set contained amperometric signals
of seven different concentrations were obtained, with over 88 samples of each
concentration. The results for the same concentrations varied within the sub-nano Ampere,
causing signal overlap. The plausible causes of signal overlap include: i. deviation of the
baseline over time due to the change in H+ ion counts in PEM, ii. change in reaction rate
of the electrodes due to transient fouling, iii. slight variation in the ambient environment,

Figure 6-1: The PCR model of the fuel cell sensor for alcohol vapor.
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such as humidity interference. The signal overlaps between the alcohol concentrations were
resolved by employing a PCR model, which was derived from the sensor data. PCR was
executed by MATLAB considering all the data points from the matrix of 7 x 88, where the
number of sample concentrations was 7 and the data frequency was 88.
The values of the coefficients a, b, c, and d are unity when this matrix is orthogonal,
or else they can be determined considering the information of the real factors. In this case,
a = 2, b = - 20.5, c = 2.5, d = 20, and δ = 355°. For regression fitting, loading fractions C1
and 1-C1 were determined empirically from PCR and fitted with respect to the
concentration of alcohol, as shown in Figure 6-1. As all the experimental parameters are
constant, the sum of the loading fractions was approximately unity (1). Hence, the
regression plot was obtained from the plot of a loading fraction (1-C1) vs. concentration
(y), where the coefficient of determination (R2) was 98.15%. A polynomial function was
fitted with the regression curve using MATLAB, following the equation below:
𝑥 = 𝛼(1 − 𝐶1 )2 + 𝛽(1 − 𝐶1 ) + 𝛾

(1)

Here, the values of coefficients α, β, and γ were 1.218x107, -1.99x107, and
8.124x106, respectively. An unknown vapor concentration (x) can be determined by fitting
the loading fraction (1-C1) in this regression model. The algorithm of this model was
programmed in the microcontroller of the device for accurate data fitting.

6.2.3

Human studies -validation of the transdermal alcohol sensor
The BAC readings from the transdermal alcohol sensor and the breathalyzer were

validated by comparing theoretical values (Figure 6-2). The % of the BAC values of the
theoretical model were calculated from equation 2 [230]. The plots show a linear
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Figure 6-2: The comparison of a transdermal alcohol sensor and breathalyzer
with the theoretical model for 5 human subjects (a) S1, (b) S2, (c) S3, S4, and S5.
relationship between theoretical % of the BAC with the dose of alcohol ingestion, with
respect to time for all three subjects (blue dots in Fig. 6-2). For this model, alcohol
consumption at every 10 min (6 consecutive shots) was considered for all subjects, where
each shot contained 50 ml or 35% of alcohol.
%𝐵𝐴𝐶 =

(𝑣𝑜𝑙. 𝑖𝑛𝑔𝑒𝑠𝑡𝑒𝑑 (𝑚𝑙) 𝑥 % 𝑎𝑙𝑐𝑜ℎ𝑜𝑙 𝑥 𝑆.𝐺. 𝑒𝑡ℎ. 𝑥 1000)
𝑉𝑑 𝑥 𝑏𝑜𝑑𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 𝑥 10

𝑥 0.001

(2)

S.G.eth. is the specific gravity of ethanol and Vd is the volume of distribution, which
is 0.68 and 0.6 for males and females, respectively.
Breathalyzer data showed a nonlinear response with each shot for all 5
subjects (yellow dots in Fig. 6-2). The average deviation of the breathalyzer results away
from the theoretical values was about 162%. Even at the first shot it showed a high false
positive reading and intoxication (subjects 2 and 3), then gradually correlated with the
theoretical values in consecutive shots. The deviation and the false positive signals can be
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corroborated to the mouth-alcohol contamination [231 232]. It is evident from these results
that the discrete % of the BAC data recorded from a breathalyzer have limitations for the
accurate determination of alcohol.
The same human subjects tested with the transdermal alcohol sensor showed a
significant correlation with the theoretical values with minimal deviation (red dots in
Figure 2), a 75% improvement in accuracy compared to the breathalyzer. The device
provided continuous % of the BAC data, which was processed and fitted into the above
PCR model to determine accurate transdermal alcohol content (TrAC), where it was
converted into % of the BAC by the following equation 3 [130]:
BAC (gl-1) = 0.71 x TrAC (gl-1)

(3)

where the correlation coefficient, r = 0.912. In all three subjects, the transdermal alcohol
sensor provided slightly lower values at the first few shots and higher values in consecutive
shots compared to theoretical values. These deviations can be attributed to the slow alcohol
metabolism at the beginning, where it takes a while for the full concentration to vaporize
from the skin. However, with the consecutive shots, there was an accumulation of alcohol
vapor at the epidermis [129]. In subjects 2 and 3, the sensor values deviated further from
the theoretical model, which can be attributed to i. a variation in self-reported body weight,
ii. unknown physiological conditions, including food/drug consumption prior to alcohol
ingestion, iii. a variation in metabolism rate from person to person. Moreover, these
variations were influenced by numerous factors, such as age, race, thickness of fat and skin
layer, ingestion of food or medication, etc. [233]. These mentioned factors are not included
in our theoretical model, as they are the subject of future work.
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6.3 Determination of isoflurane from human sweat
6.3.1

Linear calibration of the fuel cell sensor for isoflurane detection
The amperometric signal of the sensor from five different concentrations of

isoflurane exposure at ambient temperature and humidity were studied. Each concentration
was measured 8032 times and plotted in a linear plot, as given in Figure 6-3a. The results
show that the current increases with respect to the concentration of isoflurane. The linear
calibration plot shows: (i) a significant overlap between the concentrations, (ii) excellent
linearity with R2 = 0.8605, and (iii) very low sensitivity (~ 0.038 nA ppm-1 cm-2). The
relative standard deviations (RSD) for the five different concentrations were determined to
be 5.84%, 5.77%, 6.09%, 6.76%, and 10.62%, respectively. From Figure 6-3a, it has been
revealed that there was a significant overlap of the signals between different concentrations
due to higher RSD, which impedes the reliability at the ppm level of detection. For
example, the overlapping between 80 ppm to 160 ppm and 160 ppm to 320 ppm were
determined to be 2.05 nA and 2.24 nA, respectively. Although the sensor shows excellent
linearity, its poor sensitivity and the overlapping of the signals in the calibration curve
significantly affects the determination of any given sample. This sub-nano Ampere signal
overlaps at narrow concentration ranges and can be attributed to the limiting parameters,
such as (i) the rate of the reaction, (ii) the rate of diffusion, and (iii) the rate of evaporation.
If the concentration of the interfering compounds (e.g. humidity) is much higher than the
isoflurane, the sensors’ accuracy will be reduced, as discussed earlier. To overcome this
calibration issue, PCR was explored.
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Figure 6-3: (a) Linear calibration of isoflurane measured in a fuel cell sensor,
inset: fuel cell sensor and (b) Calibration curve obtained from the PCR model.

6.3.2 PCR for the calibration of a fuel cell sensor for isoflurane
PCR was executed by MATLAB considering all the data points from the matrix of
5 X 8032, where the number of sample concentration was 5 and the data frequency was
8032. The values of the coefficients a, b, c, and d are unity when this matrix is orthogonal,
or else they can be determined considering the information of the real factors. In our case,
x = 1, y = - 2.5, z = 2, w = 5, and δ = 351°. For regression fitting, loading fractions C1 and
1-C1 were determined empirically from PCR and fitted with respect to the concentration
of isoflurane, as shown in Figure 6-3b. As all the experimental parameters are constant, the
sum of the loading fractions was approximately unity (1). Therefore, the regression plot
was obtained from the plot of the loading fraction (1-C1) vs. concentration (y), where the
coefficient of the obtained determination (R2) was 99.77%. A polynomial function was
fitted with the regression curve using MATLAB, following the equation below:
𝑐 = 𝛼(1 − 𝐶1 )2 + 𝛽(1 − 𝐶1 ) + 𝛾

(4)
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Here, the values of coefficients α, β, and γ are 1.789x104, -2.329x104, and
7.626x103, respectively. An unknown concentration can be determined by fitting the
loading fraction (1-C1) in this regression model.

6.3.3 The measurement of isoflurane vapor from sweat samples (in vitro)
In humans, a minimal percentage of isoflurane is excreted through the skin by
sensible and insensible perspiration [234 235]. This study was designed to determine the
feasibility of the fuel cell sensor to measure the isoflurane vapor released from the sweat.
The headspace of human sweat samples with various isoflurane concentrations was
measured and compared with theoretical values to validate the sensor readings. Four
different sweat solutions with isoflurane concentrations v/v%: 0.01%, 0.013%, 0.02%, and
0.038%, respectively, were tested. The theoretical isoflurane vapor concentrations were
derived through Henry’s formula [228]. The readings from the sensor were fitted with both
linear regression and PCR models (Figure 6-4) to identify deviations from the theoretical
-20
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Figure 6-4: The PCR model of the fuel cell sensor for alcohol vapor.
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values. Due to overlapping signals in the linear regression model, there was significant
deviation from theoretical values (~67.72%), resulting in low resolution and inaccuracy
(Table 6-2). The data from the PCR model improved compared to linear regression with a
minimal deviation of about 12.74%. This ~81% improvement can be attributed to the
consideration of covariates in the PCR model, compared to the univariate in linear
regression. These results show the micro-fuel cell sensor, along with PCR fitting, can be
used to determine the isoflurane vapor concentrations from the sweat.
Table 6-2. Comparison of PCR with linear regression for isoflurane detection in sweat
Sample

Theoretical

Linear regression

Deviation

PCR

Deviation

(ppm)

(ppm)

(%)

(ppm)

(%)

S1

112

216.91

93.67

141.59

26.42

S2

144

258.24

79.33

147.36

02.33

S3

216

338.4

56.66

192.63

10.82

S4

350

480.24

37.21

310.08

11.41

The micro-fuel cell sensor device was successfully implemented for determination
of transdermal isoflurane. The isoflurane vapor concentrations derived from PCR
correlated with theoretical values compared to the linear regression model. PCR enabled
isolation of signals in the sub-nano Ampere range and improved resolution of signal on an
average of five times compared to the linear regression. PCR accurately classified and
discriminated different concentrations in the subspace. Hence, PCR method was
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implemented for the in vivo determination of transdermal isoflurane with for the different
anonymous humans subjects, as described below in section 6.4.

6.4 Transdermal isoflurane determination from human subjects (in vivo)

6.4.1

Protocol-sensor calibration and human study
During calibration and measurements, the headspace for isoflurane vapor was

maintained constant at a height of 0.1 cm and area of 1 cm x 1 cm for every data set. The
concentration of isoflurane at the headspace was calculated using Henry’s formula at
constant temperature [228]. Different concentrations (50 ppm, 100 ppm, 200 ppm, and 400
ppm) of isoflurane were exposed to the WE, and the corresponding currents were recorded
at the potential of -0.05 V. The recordings were used to build the PCR model, as similar to
the previous alcohol study.
The human studies were executed for 4 anonymous subjects (S1, S2, S3, and S4)
during their surgeries in the operation theater at 20˚C and 55% relative humidity, under
IRB-20180767. The controlled environment in the operating theater ensured a constant
temperature and a relative humidity level during the measurements. The isoflurane delivery
to each subject was also maintained the same during the surgery. All the subjects wore the
device on the front side of their wrists. The gap between the sensor and the skin was
maintained at 0.1 cm during measurements to keep the headspace area the same. Each
subject wore the device before 20 min. of isoflurane exposure for a stable steady-state
baseline of the signals. The gold standard infrared spectroscopy (IR) data were also
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collected after the exposure of isoflurane during surgery. The details of this study are as
shown in Table 6-3 below:
Table 6-3. Human subjects’ study for transdermal isoflurane determination
No. of
Subject

S1

Age

Weight

Height

Duration of exposure

(Yrs.)

(Kg)

(cm)

(min.)

41

124.738

170.18

74

Case

Umbilical hernia
repair

S2

64

82.554

175.26

52

Cysto-retroscopy
with resection of
bladder tumor

S3

70

131.542

190.5

145

Excision leucoma

S4

44

127.006

165.1

145

Laparoscopic
cholecystic

6.4.2

The calibration of a fuel cell-based wearable device for isoflurane vapor
quantification
The linear regression calibration of the fuel cell sensor for isoflurane vapors was

investigated under the physiological range. The data set contained amperometric signals of
four different concentrations obtained over 20 times. Like alcohol, PCR was executed by
MATLAB considering all the data points from the matrix of 4 x 20, where the number of
sample concentrations was 4 and the data frequency was 20.
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Figure 6-5: The PCR model of the fuel cell sensor for isoflurane vapor.
The values of the coefficients a, b, c, and d are unity when this matrix is orthogonal,
or else they can be determined considering the information of the real factors. In this case,
a = 1, b = - 2.5, c = 2, d = 5, and δ = 351°. For regression fitting, loading fractions C1 and
1-C1 were determined empirically from PCR and fitted with respect to the concentration of
isoflurane, as shown in Figure 6-5. As all the experimental parameters are constant, the
sum of the loading fractions was approximately unity (1). Hence, the regression plot was
obtained from the plot of the loading fraction (1-C1) vs. concentration (y), where the
coefficient of determination (R2) obtained was ~99%. A polynomial function was fitted
with the regression curve using MATLAB, following the equation below:
𝑥 = 𝛼(1 − 𝐶1 )2 + 𝛽(1 − 𝐶1 ) + 𝛾

(5)

Here, the values of coefficients α, β, and γ were 4.316x105, -4.544x105, and
1.184x105, respectively. An unknown isoflurane concentration (x) can be determined by
fitting the loading fraction (1-C1) in this regression model. The algorithm of this model was
programmed in the microcontroller of the device for accurate data fitting.
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6.4.3

Human studies -validation of the transdermal isoflurane sensor
This study was executed in a controlled environment following the protocols

mentioned in section 6.4.1. All data collected were from the front side of the wrist as shown
in Figure 6-6a. The blood isoflurane readings from the fuel cell sensor were validated by
comparing the concentrations measured by the gold standard IR device (Figure 6-6b – 66e). These plots showed comparisons between blood isoflurane levels of two devices with
the exposure of isoflurane, with respect to time for four anonymous subjects. The average
deviation of the steady-state fuel cell responses from the IR device for the subjects 1-4
were 18.04%, 3.11%, 5.89%, and 30.12%, respectively. The average deviation from the
steady-state responses of IR was ~14.29%. It is evident from these results that the discrete
% of blood isoflurane data, recorded from fuel cell sensors, have a moderate deviation for
the determination of isoflurane.
These deviations can be attributed to the lower diffusion rate of transdermal
isoflurane at the beginning, where it took a while to reach to steady-state levels. The sensor
values deviated further from the IR device for the following reasons: i. minute errors in
calibration set-up, ii. the variation of the thickness of skins, which affected the
measurements of transdermal isoflurane concentrations, iii. unknown physiological
conditions, including food/drug consumption prior to isoflurane exposure, iii. the variation
in metabolism rate from person to person [237]. Moreover, this variation was influenced
by numerous factors, such as age, race, or suction during operation.
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Figure 6-6: (a) Fuel cell-based device on the wrists of the subjects, (b to d)
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CHAPTER VII
CONCLUSIONS

7.1 Summary and conclusions
In summary, we report the design, fabrication and calibration of a micro-fuel cell
sensor and improvement in its calibration by employing a multivariate analysis. This study
addresses an enduring problem in the biosensing field — the importance of eliminating
interfering signals toward the precise detection of VOCs in a multivariate environment.
Initially, this approach has been demonstrated in vitro through the detection of alcohol,
while eliminating the contribution of major interfering compounds (e.g. humidity) in a
micro-fuel cell sensor system. This signal separation method is novel and significant for
potential transdermal alcohol detection. However, many other VOCs exist in a multidimensional environment [238, 239, 240], which require more robust tools for the detection
of sub-ppm/ppb level of measurements.
Hence, this work developed a fuel cell-based, wearable sensing platform,
incorporating multivariate analysis methods to improve specificity and precision. The
traditional linear regression method has limitations of signal overlap for the calibration of
a fuel cell sensor. Multivariate calibration methods, such as PCR, establish an accurate
relationship between a response variable (the concentration of analyte) and predictor
variables (sub-nA currents) for estimating the response variable based on the values of the
predictor variables. Therefore, PCR can contribute to eliminating the redundancy of the
data sets and improving calibration based upon the new variables, which were derived from
the principal components.
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In this work, a complete wearable platform has been developed, capable of
providing a comprehensive, low-power, high-accuracy, selective and easily sustainable
electrochemical sensor. Moreover, this device has been implemented on human subjects
for transdermal alcohol measurements and demonstrated 62% better accuracy compared to
a commercial breathalyzer in an unstructured study. Due to limitations with blood sample
collection, the unstructured study improved our confidence to move on to another VOC:
anesthetic isoflurane detection. This study allowed us to control humidity and temperature
in the operating theater. This also allowed control with the isoflurane delivery. By
comparing to the gold-standard IR device present within the operation theater, our wearable
fuel cell biosensor showed an average accuracy of ~14.29%. This shows that there is a
potential to replace the rather large IR device with the wearable biosensor developed in
this study.
Therefore, this work could lead to significant improvements in specific detection
of VOCs. These improvements could be felt at point of care facilities during the
rehabilitation processes and/or during the monitoring of various biomarkers and diseases.

7.2 Recommendations for future research
For the further improvement of VOC sensing with fuel cells, this work needs to
improve in the following domains. They are:
1. A calibration chamber needs to be designed to execute and understand the

fundamental relationship of relative humidity and temperature with the signals
of different concentrations of specific VOC.
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2. An integrated humidity sensor, temperature sensor and fuel cell sensor need to

be fabricated in a single platform.
3. A prediction model can be derived from the large data sets [241], correlating

humidity and temperature data, for the precise calibration of any analyte.
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